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5-1 . Color-coded  whitefly  resource  maps  at  Pine  Island  Organics,  Pine 
Island,  FL.  (a)  original  resource  map;  (b)  experimental  resource 
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resource  map  with  sugarcane  barriers  removed 191 
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resource  12  (r  = 0.89,  P < 0.001);  (f)  cucumber,  resource  3 ( r = 

0.88,  P < 0.005);  (g)  zucchini,  resource  13  (r  = 0.98,  P < 0.001); 
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This  study  focused  on  the  development  of  methods  for  studying  and  analyzing 
insect  dynamics  in  agricultural  systems.  Emphasis  was  placed  on  the  formulation  of  a 
spatiotemporal  model  as  a tool  for  studying  these  dynamics.  The  utility  of  the  model  was 
demonstrated  with  the  silverleaf  whitefly  (SLW),  Bemisici  argentifo/ii,  in  two  contrasting 
spatial  systems. 

The  model  developed  is  a grid-based  model  that  integrates  ideas  from  spatially 
explicit  population  models,  coupled  map  lattices  and  integrodifiference  equations  (IDEs). 
It  combines  an  age-structured  prey-predator  population  model  with  a resource  map  that 
describes  the  structure  of  the  insect’s  habitat.  Spatial  movement  is  accomplished  with 
two-dimensional  IDEs.  One  IDE  is  used  to  couple  prey  reproduction  with  their  dispersal, 


xix 


while  another  IDE  redistributes  adult  natural  enemies  over  the  spatial  region  at  each  time 
step  in  the  model.  The  couplings  in  these  IDEs  are  convolutions  that  are  solved  efficiently 
with  Fourier  transforms. 

The  dynamics  generated  from  simulations  with  the  model  on  artificial  systems  were 
similar  to  those  observed  with  other  discrete-time  models  that  used  different  dispersal 
rules.  These  dynamics  included  spiral  waves  of  predator  chasing  prey,  crystal  lattice 
structures,  and  spatiotemporal  chaos. 

The  utility  of  the  model  was  first  demonstrated  with  the  SLW  at  a small-scale 
mixed-crop  organic  system  on  Pine  Island,  FL.  After  simulation  results  were  matched 
with  whitefly  population  trends  from  pan-sampling  data,  the  model  was  used  to  explore 
several  scenarios.  Simulations  with  experimental  resource  maps  created  by  altering  the 
arrangement  of  crops  in  the  original  resource  map  showed  that  changes  in  the  spatial 
structure  of  resources  at  the  farm  affected  SLW  dynamics. 

SLW  dynamics  in  a large-scale  regional  system,  the  Imperial  Valley,  CA  were  also 
explored  with  the  model.  Resource  maps  were  constructed  from  Landsat  thematic  mapper 
data  on  the  Valley.  Qualitative  whitefly  trends  from  simulations  were  consistent  with 
those  observed  for  the  insect  in  the  Valley.  Simulations  also  showed  that  among  all  SLW 
host  plants,  alfalfa  had  the  greatest  influence  on  whiteflies.  Planting  no  alfalfa  resulted  in  a 
6.4-fold  reduction  in  overall  whitefly  abundance.  The  importance  of  alfalfa  in  the 
management  of  whiteflies  in  the  Valley  was  noted. 
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CHAPTER  1 

INTRODUCTION  AND  LITERATURE  REVIEW 


The  dynamics  of  polyphagous  insect  species  such  as  whiteflies  have  been  studied 
extensively  at  the  farm  or  local  scale  but  very  little  has  been  done  to  explore  these 
dynamics  at  larger  spatial  scales  such  as  in  regional  agricultural  systems.  Field 
experiments,  the  method  most  commonly  used  for  studying  animal  species  dynamics,  are 
clearly  inadequate,  since  only  a narrow  range  of  possible  dynamics  can  be  observed. 
Conducting  a full  set  of  large-scale  ecological  experiments  in  regional  agricultural  systems 
is  logistically  infeasible  (Turner  et  al.  1995)  and  is  therefore  likely  to  generate  results  that 
are  inconsistent  with  those  observed  locally  (Levin  1992).  Tools  are  needed  for  exploring 
species  dynamics  at  the  landscape  or  regional  scale.  These  tools  must  consider  both  the 
animal  species  and  its  interaction  with  its  habitat  in  time  and  space.  This  study  was 
initiated  in  response  to  the  need  to  develop  a tool  that  could  be  used  to  explore  the 
implications  of  events  that  are  likely  to  impact  insect  species  dynamics,  and  that  are  also 
very  difficult  to  test  with  large-scale  experiments.  The  tool  is  tested  on  the  silverleaf 
whitefly,  Bemisia  argentifolii  Bellows  & Perring,  an  insect  that  has  recently  become  a 
problem  in  regional  agricultural  systems. 

Whiteflies  are  common  insect  pests  of  tropical  and  subtropical  agricultural 
systems,  but  are  also  found  on  the  fringes  of  some  temperate  areas  (Mound  and  Halsey 
1978,  Byrne  et  al.  1990).  One  of  the  most  important  whiteflies  in  agricultural  systems  is 
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the  sweetpotato  whitefly  (SPW),  Bemisia  tabaci  (Gennadius),  also  commonly  known  as 
the  tobacco  or  cotton  whitefly  (Byrne  et  al.  1990).  This  insect  has  been  present  in  the 
United  States  since  1894  (Quaintance  1900)  but  before  1981  was  considered  a sporadic 
pest  (Horowitz  1986,  Byrne  & Draeger  1989,  Brown  et  al.  1995).  By  the  mid-1980s,  the 
status  of  this  whitefly  changed  dramatically  and  the  insect  became  a primary  pest.  Today, 
SPW  is  a worldwide  problem  in  both  indoor  and  outdoor  agricultural  production  systems 
and  is  responsible  for  multimillion  dollar  losses  each  year  (Perring  et  al.  1993a,  Bellows  et 
al.  1994). 

The  rise  to  pest  status  of  SPW  was  attributed  mainly  to  the  intensification  of 
agricultural  production  and  greater  use  of  production  inputs  such  as  pesticides,  fertilizers, 
and  irrigation  (Ahmed  et  al.  1987,  Gill  1992).  Many  believed  that  these  events  resulted  in 
the  evolution  of  a more  pestilent  strain  of  SPW,  strain  B (or  poinsettia  strain)  that  was 
responsible  for  the  increased  damage  (Price  et  al.  1987,  Byrne  & Miller  1990,  Perring  et 
al.  1991,1992).  Other  studies  however  have  suggested  that  strain  B is  in  fact  a new 
species  of  Bemisia  rather  than  a strain  of  B.  tabaci.  Silverleaf  whitefly  (SLW)  was 
proposed  as  the  common  name  for  this  new  whitefly  because  of  its  ability  to  induce  a 
silvering  disorder  on  squash  foliage  upon  feeding  (Perring  et  al.  1993a).  Later,  the  insect 
was  described  by  Bellows  et  al.  (1994)  as  Bemisia  argentifolii  Bellows  & Perring. 

There  is  still  some  debate  on  the  true  taxonomic  nature  of  this  new  whitefly. 
Regardless  of  the  final  verdict  on  this  matter  however,  one  thing  is  clear— much  is  still 
unknown  about  the  biology  and  ecology  of  the  SPW.  In  this  study,  the  taxonomic 
question  is  avoided  and  left  to  more  qualified  individuals.  Therefore,  unless  otherwise 
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stated,  SPW  and  SLW  will  be  used  interchangeably  to  refer  to  both  whiteflies  with  the 
knowledge  that  these  insects  are  either  different  strains  of  B.  tabaci  or  part  of  a species 
complex  in  the  genus  Bemisia  (Brown  et  al.  1995). 

SPW  and  SLW  have  the  ability  to  move  extensively  within  regional  crop  systems 
(Perring  et  al.  1992,  Brown  et  al.  1995),  and  therefore  their  dynamics  are  expected  to  be 
closely  tied  to  regional  crop  patterns  in  time  and  space.  Dynamics  observed  at  the  local 
scale  are  often  inadequate  for  making  predictions  on  species  dynamics  at  larger  spatial 
scales  (Levin  1 992).  Since  it  is  extremely  difficult  to  manipulate  and  control  large-scale 
experiments,  tools  such  as  simulation  models  must  be  considered.  Whitefly  models  have 
in  the  past  been  used  mainly  to  explore  the  local  dynamics  of  this  insect.  Recently 
however,  a model  on  a regional  (multi-crop)  system,  the  Imperial  Valley,  CA,  was 
described  (Wilhoit  et  al.  1994).  No  evidence  of  other  models  of  this  type  was  found  and 
therefore  more  effort  is  needed  in  this  area. 

The  rapid  rise  in  pest  status  and  other  recent  events  have  resulted  in  a rejuvenation 
of  interest  in  the  biology  and  dynamics  of  these  whiteflies  (Brown  et  al.  1995).  This 
encouraged  USDA/ARS,  university  and  state  scientists  in  1992  to  initiate  a 5-year  national 
research  and  action  plan  for  whitefly  management  with  the  major  goal  “to  provide  the 
necessary  research  and  team  effort  that  will  continue  to  yield  environmentally  and  publicly 
acceptable,  safe  technologies  for  area-wide  management  and  suppression  of  the  SPW” 
(Faust  1992  p i). 

This  present  study  was  undertaken  partly  in  an  effort  to  fulfil  some  of  the 
objectives  in  the  whitefly  management  research  and  action  plan.  The  more  specific 
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objective  was  to  develop  general  methodology  for  studying  insect-habitat  interactions  in 
large-scale  agricultural  systems.  A nonspecific  insect  interaction  model  was  therefore 
formulated,  and  theoretical  as  well  as  practical  facets  of  this  model  explored. 

Construction  and  integration  of  the  insect’s  spatial  environment  into  the  model  are  also 
described  in  detail  for  real  and  experimental  systems.  The  model  was  applied  specifically 
to  studying  whitefly  dynamics  in  a small-  and  a large-scale  agricultural  system.  The  study 
begins  with  an  extensive  review  of  the  literature  on  the  sweetpotato  and  silverleaf 
whiteflies. 


Origin.  Distribution  and  Taxonomic  History  of  Whiteflies 
Like  aphids,  whiteflies  are  in  the  insect  order  Homoptera  and  can  cause  similar 
types  of  damage  to  their  host  plants  (Byrne  et  al.  1990).  They  have  often  been  referred  to 
as  the  aphids  of  the  tropics  (Mound  & Halsey  1978).  The  majority  of  the  1,200  or  more 
described  species  of  whiteflies  are  of  tropical  or  subtropical  origin  (Mound  & Halsey 
1978),  with  about  724  species  described  from  the  tropics,  and  only  420  species  from 
temperate  regions  (Strong  et  al.  1984). 

Among  the  homopterans,  the  whitefly  superfamily  Aleyrodoidea  bears  close 
relation  to  the  three  other  superfamilies,  Psylloidea  (psyllids),  Aphidoidea  (aphids),  and 
Coccoidea  (scales)  that  make  up  the  suborder  Sternorrhyncha  (Borror  et  al.  1989,  Evans 
1993).  The  single  whitefly  family,  Aleyrodidae,  consists  of  two  subfamilies,  Aleurodicinae 
and  Aleyrodinae  that  contain  126  genera.  Aleurodicinae,  the  more  primitive  of  the  two 
subfamilies,  is  made  up  of  17  genera  and  about  100  mainly  Neotropical  species,  while 
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Aleyrodinae,  which  contains  all  other  species,  is  cosmopolitan  in  distribution  (Evans 
1993). 

Byrne  et  al.  (1990)  pointed  out  that  among  all  the  species  of  whiteflies,  very  few 
have  actually  been  characterized  as  pests.  Of  these,  only  two  species  appear  to  be 
important  in  protected  agricultural  systems,  four  species  are  considered  serious  pests  in 
annual  cropping  systems,  and  about  twelve  species  reoccur  as  pests  in  perennial  systems. 
They  also  noted  that  only  three  species  vector  plant  pathogens— the  SPW,  Bemisia  tabaci 
(Gennadius),  the  greenhouse  whitefly,  Trialeurodes  vaporariorum  (Westwood),  and  the 
bandedwinged  whitefly,  T.  abutilonea  (Haldeman). 

The  SPW  is  by  far  the  most  important  whitefly  found  in  annual  cropping  systems 
(Byrne  et  al.  1990).  This  insect  was  first  described  as  Aleyrodes  tabaci  in  Greece  in  1889 
as  a pest  of  tobacco  (Gennadius  1889)  and  is  believed  to  have  originated  from  either  the 
Orient,  Africa,  or  the  Middle  East  (Mound  1963,  Brown  et  al.  1995).  Strong  evidence 
suggests  that  this  insect  is  in  fact  a native  of  Pakistan  or  India  since  areas  within  these 
geographical  regions  contain  the  greatest  diversity  of  whitefly  parasitoids  which  often 
indicates  a genus  epicenter  (R.  Gill  pers.comm.  cited  in  Brown  et  al.  1995).  This  evidence 
is  overwhelming  in  spite  of  the  fact  that  the  insect  was  first  observed  in  India  in  1905 
(Misra  & Lambda  1929,  Reddy  & Rao  1989)  and  in  Pakistan  in  1919  (Immaraju  1989). 

The  first  New  World  specimen  was  collected  in  1897  in  the  United  States  on  sweet 
potato,  and  was  identified  as  B.  inconspicua  (Quaintance  1900).  Interestingly,  species 
determinations  in  whiteflies  are  normally  based  on  characteristics  of  the  pupal  cases  and 
not  on  adult  morphology  (Russell  1957,  Bink-Moenen  & Mound  1990).  Pupal 
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characteristics  however  are  polymorphic  and  are  influenced  by  the  hosts  on  which  the 
insect  develops  (Mound  1963,  Lopez- Avila  1986,  Brown  et  al.  1995).  As  such,  it  is  very 
difficult  to  accurately  characterize  individual  whitefly  species  from  pupal  cases. 

Therefore,  by  a reexamination  of  the  group,  B.  inconspicua  was  synonymized  along  with 
18  other  species  into  the  single  taxon,  B.  tabaci  (Russell  1957,  Mound  & Halsey  1978,  see 
Gill  1992  for  a list  of  synonyms  ).  There  may  now  be  more  than  the  22  synonyms  of  B. 
tabaci  (Mound  & Halsey  1978),  but  again,  difficulties  with  accurate  characterization  may 
mean  that  many  of  these  could  go  unnoticed  (Bellows  et  al.  1994).  As  it  stands,  the  genus 
Bemisia  contains  37  recognized  species  (Mound  & Halsey  1978)  that  were  all  typed  from 
B.  tabaci  (Bellows  et  al.  1994). 

Until  quite  recently  B.  tabaci  was  considered  a sporadic  pest  in  US  agriculture 
(Horowitz  1986,  Byrne  & Draeger  1989,  Brown  et  al.  1995).  Subsequent  heavy  damage 
as  a result  of  whitefly  attacks  has  led  to  a reevaluation  of  the  status  of  this  pest  (Perring  et 
al.  1993a).  Early  indications  were  that  a new  strain  of  B.  tabaci  (strain  B or  poinsettia 
strain)  was  responsible  for  the  increasing  attacks  (Price  et  al.  1987,  Byrne  & Miller  1990). 
Entomologists  now  believe  that  the  change  to  more  intensive  systems  of  agriculture  led  to 
the  evolution  of  this  new  and  more  pestilent  strain  that  is  responsible  for  the  increasing 
attacks  (Price  et  al.  1987,  Byrne  & Miller  1990,  Perring  et  al.  1991,1992). 

Strain  B is  morphologically  similar  to  the  strain  A (Bethke  et  al.  1991,  Bergh  et  al. 
1995),  but  it  is  more  fecund  (Bethke  et  al.  1991),  has  a wider  host  range,  greater  feeding 
ability,  slightly  different  oviposition  preferences  (Byrne  & Miller  1990,  Blua  et  al.  1995), 
an  enhanced  ability  to  transmit  plant  viruses  (Brown  & Nelson,  1984,  Duffiis  et  al.  1986, 
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Costa  & Brown,  1990,  1991),  and  appears  to  be  reproductively  incompatible  with  strain  A 
(Perring  et  al.  1993a,b).  It  is  also  reported  to  be  more  cold  tolerant  (Gill  1992)  and  was 
observed  overwintering  on  tomato  foliage  in  southern  Ontario,  Canada  (Broadbent  et  al. 
1989,  Bergh  et  al.  1995).  Gill  (1992)  suggested  that  these  two  “strains”  were  in  fact 
distinct  species.  Shortly  thereafter,  Perring  et  al.  (1993a, b)  proposed  the  common  name 
silverleaf  whitefly  (SLW)  for  this  insect  because  it  had  the  ability  to  cause  a silvering  effect 
of  plant  foliage  upon  feeding.  In  the  following  year,  SLW  was  described  as  Bemisia 
argentifolii  Bellows  & Perring  (Bellows  et  al.  1994). 

The  two  whiteflies  are  highly  polyphagous  insects  that  have  spread  extensively 
throughout  their  ranges  (Perring  et  al.  1992,  Brown  et  al.  1995),  although  it  now  appears 
that  B.  argentifolii  or  B.  tabaci  strain  B is  displacing  SPW  in  many  regions  (Perring  et  al. 
1994,  Brown  et  al.  1995).  However,  in  spite  of  the  many  differences  between  the  two 
whiteflies,  continuing  debate  among  entomologists  suggests  that  the  strain/species 
questions  have  not  been  completely  resolved  (Brown  et  al.  1995). 

Whitefly  Biology  and  Host  Preferences 

Life  Stages 

Biological  studies  conducted  on  whiteflies  often  yield  inconsistent  results  primarily 
because  these  studies  are  conducted  under  varying  environmental  conditions  and  also 
because  tests  done  on  a particular  host  plant  often  use  insects  that  have  been  reared  on  a 
number  of  different  host  plants  (Lopez- Avila  1986). 
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There  are  some  discrepancies  over  the  number  of  nymphal  stages  for  the  SPW  and 
therefore  it  is  not  entirely  clear  whether  the  insect  develops  through  five  or  six  life  stages 
before  it  emerges  as  an  adult.  Those  who  recognize  five  life  stages  before  the  adult  stage 
list  these  as  egg,  crawler  (1st  nymphal  instar),  2nd  and  3rd  instars  (which  are  sessile),  and 
a pupa  (Azab  et  al.  1970,  El-Helaly  et  al.  1971,  Gill  1990).  Those  who  accept  six  life 
stages  before  the  adult  stage  have  included  a 4th  nymphal  instar  before  a so-called  “pupal” 
stage  (Husain  1931,  Lopez- Avila  1986).  This  4th  nymphal  instar  is  very  often  lumped 
with  the  pupal  stage  in  developmental  studies  (Bethke  et  al.  1991,  Salas  & Mendoza 
1995)  since  it  is  very  difficult  to  distinguish  between  the  two  stages.  The  transition  from 
4th  instar  to  pupa  simply  involves  morphological  changes  rather  than  shedding  of  nymphal 
skin  as  occurs  with  earlier  stages  and  that  is  indicative  of  molting  (Salas  & Mendoza 
1995). 

Eggs  of  SPW  and  SLW  are  elongate-oval  in  shape.  The  1st  instar  or  crawler  is 
mobile  and  can  move  over  leaf  surfaces  looking  for  suitable  feeding  sites.  The  2nd  and  3rd 
instars  unlike  the  1st  instar  are  sessile.  The  4th  instar  is  elliptical  in  shape  and  yellowish  or 
clear  in  color.  Transition  of  this  instar  to  the  pupal  stage  is  marked  by  the  appearance  of 
large  red  eyes  and  a color  change  from  green  to  yellow  (Lopez- Avila  1986).  This  stage 
has  therefore  been  commonly  referred  to  as  the  red-eyed  nymphal  stage.  It  is  on  the 
morphological  characteristics  of  the  pupal  stage  that  taxonomic  determinations  are 
normally  made  (Bink-Moenen  & Mound  1990,  Brown  et  al.  1995).  Adults  are  winged, 
with  yellow  bodies  and  white  wings,  and  exhibit  sexual  dimorphism.  Females  are  usually 
larger  than  males. 
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The  size  of  individuals  in  the  immature  stages  is  an  important  criterion  for 
distinguishing  between  SPW  and  SLW.  Although  immatures  of  whitefly  species  vary 
morphologically  and  morphometrically  on  different  host  plants  (Mound  1963),  immatures 
of  SPW  tend  to  be  larger  than  those  of  the  SLW  even  when  both  whiteflies  are  reared  on 
the  same  hosts  (Bethke  et  al.  1991). 

Development 

Temperature,  relative  humidity,  rainfall  and  host  plant  are  the  primary  factors  that 
influence  whitefly  life  processes  such  as  development,  fecundity,  longevity  and  mortality. 
Whiteflies  usually  favor  areas  with  high  temperature,  low  humidity,  and  periods  of  no  or 
low  rainfall  and  mild  winters  (Jagdev  & Butter  1988,  Gill  1992).  Table  1-1  shows  the 
variability  in  development  times  for  the  insect  and  the  influence  of  temperature  and  host 
plants. 

Development  is  positively  correlated  with  temperature  (Butler  et  al.  1983). 
However,  below  and  above  certain  temperature  limits  little  or  no  development  occurs. 
Zalom  et  al.  (1985)  estimated  the  lower  and  upper  threshold  temperatures  for 
development  as  10.0  and  32.2  °C,  respectively,  although  Powell  and  Bellows  (1992a)  later 
observed  lower  thresholds  of  14.65  °C  on  cotton  and  16.71  °C  on  cucumber. 
Discrepancies  in  estimating  these  thresholds  generally  arise  when  it  is  assumed  that  the 
relationship  between  development  and  temperature  is  linear  instead  of  curvilinear  as  was 
observed  in  some  studies  (Powell  & Bellows  1992a).  Development  appears  to  be  optimal 
at  28.0  °C  (van  Lenteren  & Noldus  1990). 
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Development  time  has  also  been  determined  in  physiological  time  or  degree-days. 
Zalom  et  al.  (1985)  observed  from  field  studies  on  B.  {abaci  in  the  Imperial  Valley, 
California,  that  it  took  between  316.0  and  316.3  degree-days  for  development  from  egg  to 
adult. 

Table  1-1  also  shows  the  effects  of  host  plants  on  development.  Host  plant  factors 
such  as  plant  varieties  (Ozgur  & Sekerogh  1986),  leaf  shape,  and  surface  characteristics 
are  important.  Host  plant  influences  are  most  striking  when  development  is  assessed  on 
hosts  that  are  different  from  the  insect’s  original  host.  For  example,  Bethke  et  al.  (1991) 
observed  that  a cotton  strain  and  a poinsettia  strain  of  whitefly  developed  faster  on  cotton 
and  poinsettia,  respectively  than  on  the  other  host  plant.  Finally,  from  the  data  presented 
in  Table  1-1  and  other  sources,  it  appears  that  under  favorable  conditions,  SPW  is 
expected  to  complete  eleven  to  fifteen  generations  per  year  (Brown  & Bird  1992). 

Survival  and  Mortality 

In  addition  to  abiotic  factors  (temperature,  humidity,  rainfall)  that  affect  whitefly 
development,  other  (biotic)  factors  also  influence  whitefly  survival  and  mortality. 

Included  in  the  list  of  biotic  factors  are  parasitoids,  predators,  pathogens,  and  host  plant 
nutrition. 

The  effects  of  temperature  and  host  plants  on  mortality  were  studied  by  Powell 
and  Bellows  (1992a)  who  observed  the  insect  on  two  plants  (cotton  and  cucumber)  at  four 
temperatures-20.0,  25.5,  29.0  and  32.0  °C.  On  cotton,  egg  mortality  was  lowest  at 
29.0°C  but  varied  from  15.5%  at  20.0  °C  to  5. 1%  at  32.0  °C.  On  cucumber,  egg 
mortality  was  lowest  at  25.5  °C  and  varied  from  26.7%  at  20.0  °C  to  7.2%  at  32.0  °C. 
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When  overall  mortality  within  the  immature  stage  was  considered,  mortality  was  highest  at 
the  lowest  temperature  (20.0  °C).  On  cotton,  29.0  °C  seemed  to  be  the  most  favorable 
temperature  while  25.5  °C  was  the  most  favorable  for  the  insect  reared  on  cucumber. 
Several  studies  suggest  that  first  instar  nymphs  suffer  most  from  climatic  factors  such  as 
humidity,  temperature  and  rainfall  (Gerling  et  al.  1986,  Horowitz  1986).  Parasitization 
on  the  other  hand  seems  to  be  the  most  important  mortality  factor  acting  on  whiteflies 
during  the  advanced  nymphal  stages  (Horowitz  et  al.  1984). 

The  effects  of  different  host  plants  on  survival  and  mortality  were  also  studied  by 
Costa  et  al.  (1991)  who  compared  whitefly  survival  from  egg  to  adult  on  healthy  and 
virus-infected  plants.  They  observed  significant  differences  in  survival  among  the  healthy 
plants  tested.  The  results  from  survival  tests  on  healthy  versus  virus  infected  plants  were 
inconsistent.  When  Byrne  and  Draeger  (1989)  studied  survival  on  lettuce  plants  they 
found  that  percentage  survival  of  1st  instar  B.  tcibaci  was  greater  on  plants  at  the  3 -leaf 
stage  than  on  plants  that  had  more  than  25  leaves.  This  suggested  that  whitefly  mortality 
was  related  to  plant  nutrition. 

Fecundity  and  Longevity 

Changes  in  animal  population  levels  are  directly  related  to  two  major  processes— 
births  and  deaths.  Whitefly  population  sizes  are  a function  of  female  fecundity  and  the 
survival  of  eggs  to  the  adult  stage.  Fecundity  like  other  life  processes  is  highly  variable 
and  is  influenced  by  environmental  conditions  and  the  quality  and  quantity  of  host. 

Females  have  been  known  to  produce  over  300  eggs  in  their  lifetime  (Powell  & Bellows, 
1992b).  Ovipositional  rate  is  age-dependent,  gradually  increasing  during  the  first  days  of 
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adult  life  and  reaching  a plateau  shortly  before  females  die.  Ovipositional  behavior  is 
affected  by  factors  such  as  sunlight,  leafshape  and  color,  and  the  growth  habit  of  the  host 
plants  (Mound  1962,  Ohnesorge  et  al.  1980,  El-Helaly  et  al.  1981a,b,  Simmons  1994). 

Powell  and  Bellows  (1992b)  observed  females  at  four  temperatures  (20.0,  25.5, 
29.0  and  32.0  °C)  on  cotton  and  cucumber.  They  found  that  the  number  of  eggs  a female 
laid  during  her  lifetime  on  cotton  was  greatest  at  20.0  °C  and  lowest  at  32.0  °C,  but  that 
oviposition  rate  was  higher  at  25.5  °C.  This  was  in  contrast  to  cucumber  where  fertility 
and  oviposition  rate  were  highest  at  29.0  °C.  They  also  found  that  at  the  same 
temperatures,  B.  tabaci  was  more  fertile  on  cucumber  than  on  cotton. 

In  addition  to  varying  with  temperature  and  host  plant,  adult  longevity  also  differs 
between  the  sexes.  On  the  same  host,  adults  live  longer  at  lower  than  at  the  higher 
temperatures  and  females  live  longer  than  males  (Butler  et  al.  1983;  von  Arx  et  al.  1983; 
Powell  & Bellows,  1992b). 

Sex  Ratio 

The  SPW  is  not  unlike  other  whiteflies  in  that  females  are  arrhenotokous  and  can 
regulate  the  sex  of  their  progeny  in  the  presence  of  sufficient  supply  of  sperm  by  selective 
fertilization  (Horowitz  & Gerling  1992).  Mated  females  therefore  can  lay  both  haploid 
(male)  or  diploid  (female)  eggs,  whereas  unmated  females  lay  only  haploid  (male)  eggs. 

Although  a sex  ratio  of  1 : 1 was  reported  for  the  SPW  on  cotton  ( Gameel,  1974) , 
it  is  difficult  to  generalize  since  this  ratio  can  be  quite  variable  (Butler  et  al.  1986,  Gerling 
et  al.  1986).  Horowitz  and  Gerling  (1992)  found  that  on  cotton  in  Israel,  SPW  had  a sex 
ratio  that  ranged  from  a female-biased  condition  early  in  the  season  to  male-biased  by  the 
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end  of  summer.  In  addition,  females  reared  at  low  temperatures,  young  females,  and 
females  that  had  access  to  males  throughout  their  lives,  tended  to  lay  proportionately  more 
female-producing  eggs  (Sharaf  & Batta  1985,  Horowitz  & Gerling  1992). 

Host  Plant  Specificity.  Suitability  and  Preferences 

B.  t abaci  has  been  recorded  on  over  506  crop  and  weed  hosts  from  74  plant 
families  (Greathead  1986).  The  actual  number  of  hosts  for  B.  argentifolii  is  not  known 
but  appears  to  be  considerably  greater  than  that  of  B.  tcibaci  (Byrne  & Miller  1 990, 

Perring  et  al.  1992). 

It  is  uncertain  whether  these  insects  develop  successfully  on  all  host  plants  on 
which  they  were  recorded.  Here,  a distinction  must  be  made  between  a “preferred”  host 
and  a “suitable”  host  as  these  relate  to  whiteflies.  Preference  is  essentially  an  adult 
phenomenon  related  to  feeding  and  oviposition  success  on  host  plants,  while  suitability 
relates  to  the  adequacy  of  host  plants  for  immature  development.  Preference  is  therefore 
associated  with  adult  behavior  and  because  immature  whiteflies  develop  from  egg  to  adult 
on  single  hosts,  adult  preference  is  often  used  as  an  indicator  of  host  suitability  (although 
it  may  not  always  be  the  best  indicator).  Nevertheless,  experiments  conducted  by  Blua  et 
al.  (1995)  clearly  showed  that  oviposition  preference  is  an  adequate  indicator  of  the  extent 
of  host  use  by  whiteflies  and  that  SPW  and  SLW  have  distinct  ovipositional  preferences. 

In  general,  females  are  known  to  deposit  more  eggs,  have  higher  fecundity  rates  and 
greater  longevity,  and  immatures  usually  have  shorter  development  times  and  lower 
mortality  on  preferred  hosts. 
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Host  preference  and  suitability  are  influenced  by  host  plant  characteristics  such  as 
leaf  color  (Van  Lenteren  & Noldus  1990),  hairiness  (McAuslane  1996)  and  shape  (Mound 
1965),  leafage  and  nutritional  status  (Rote  & Puri  1992,  Simmons  1994,  Bentz  et  al. 
1995a,b,c),  and  the  presence  of  insecticide  residues  (Liu  & Stansly  1995).  Whiteflies  are 
strongly  attracted  to  certain  wavelengths  of  light,  particularly  those  that  produce 
yellow/green  color.  Plant  odors  have  not  been  shown  to  be  important  in  this  attraction 
(Mound  1962,  Berlinger  1986).  Pubescent  leaf  and  closed-canopy  cotton  varieties  were 
reported  to  be  much  more  heavily  infested  with  whiteflies  than  glabrous,  smaller-leaf, 
open-canopy  varieties  (Ozgur  & Sekeroglu  1986).  After  examining  20  commercial 
cultivars  and  7 wild  relatives  of  tomato,  Heinz  and  Zalom  (1995)  observed  higher  whitefly 
ovipositon  rates  on  leaves  with  dense  trichomes  and  especially  on  those  positioned  close 
to  the  stem  terminus.  Low  trichome  densities  were  less  preferable.  Pubescence  seems  to 
provide  a physical  barrier  to  natural  enemies  and  a favorable  microclimate  for  immature 
whiteflies  (Mound  1965). 

Differences  in  the  quality  of  host  plants  affect  ovipositional  behavior.  After 
examining  oviposition  behavior  of  B.  t abaci  strain  B,  Simmons  (1994)  observed  that 
feeding  and  oviposition  started  on  the  cotyledon  stages  (which  are  more  nutritious),  and 
that  90  to  95%  of  eggs  were  deposited  on  the  lower  leaf  surfaces.  Bentz  et  al.  (1995a,b) 
also  related  host  preference  to  nutritional  status  and  found  that  by  increasing  the  level  of 
nitrogen  applied  to  poinsettia  more  eggs  were  deposited  by  females. 

The  nutrient  status  of  the  host  plant  determines  its  suitability.  The  levels  and  type 
of  nitrogen  in  the  plant  are  very  important  determinants  of  host  suitability  (Byrne  & 
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Draeger  1989,  Bentz  et  al  1995b,c).  Poinsettia  plants  that  received  ammonium  nitrate 
fertilizer  were  more  likely  to  be  infested  with  whiteflies  than  plants  that  were  fertilized 
with  calcium  nitrate  or  unfertilized  plants.  In  addition,  although  a greater  number  of  1 st 
instars  were  produced  on  nonfertilized  plants,  they  also  suffered  higher  mortality  (Bentz  et 
al.  1995b,c). 


Economic  Importance 

Whiteflv  Induced  Host  Injury 

The  sweetpotato  whitefly,  B.  t abaci  has  been  recognized  as  a very  important  pest 
in  annual  cropping  systems  (Byrne  et  al.  1990).  This  recognition  is  due  primarily  to  the 
damage  that  results  from  SPW  infestations. 

Feeding  and  oviposition  by  SPW  result  in  both  direct  and  indirect  plant  damage. 
Adults  and  immatures  feed  on  host  plants  and  extract  phloem  sap  causing  changes  in  the 
plant’s  physiological  processes  and  a weakening  and  reduction  of  growth  (Pollard  1955, 
Lopez-Avila  & Cook  1986,  Buntin  et  al.  1993).  Such  effects  are  particularly  devastating 
to  ornamental  producers  who  rely  on  the  aesthetic  appeal  of  the  crop  to  obtain  good 
prices  (Price  et  al.  1990). 

Indirect  damage  results  from  exposure  of  plants  to  excretions  of  undigested  sugars 
and  water  (honeydew).  Honeydew  deposited  on  plant  leaves  provides  an  excellent 
medium  for  sooty  mold  development  which  in  turn  reduces  plant  photosynthesis  and  the 
quality  of  the  final  plant  product  (Blua  &Toscano  1994).  The  undesirable  effects  of  sooty 
mold  have  been  observed  in  cotton  where  contamination  results  in  “sticky  cotton”  that  is 
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difficult  to  process  (Cheung  & Roberts  1980,  Nuessly  & Henneberry  1989,  Davidson  et  al. 
1994). 

The  greatest  threat  posed  by  whiteflies  is  in  their  ability  to  transmit  viruses  and 
induce  phytotoxic  or  physiological  disorders  (Table  1-2).  B.  tabaci  and  B.  cirgentifolii  are 
very  important  whitefly  vectors  (Mound  & Halsey  1978,  Duffus  1987,  Brown  & Bird 
1992),  vectoring  over  25  viral  diseases  (Costa  1976)  and  having  the  ability  to  transmit 
more  than  one  virus  simultaneously  (Varma  1963,  Brown  & Bird  1992).  They  are  also  the 
only  whitefly  vectors  of  geminiviruses  (Duffus  1987,  Harrison  1985).  Diseases 
transmitted  by  infectious  whiteflies  can  be  placed  into  three  basic  groups  depending  on 
their  symptoms.  The  first  group  includes  those  diseases  that  induce  color  changes  in 
infected  plant  parts  mainly  leaves  (diseases  of  the  mosaic  type);  the  second  causes  leaf- 
curl-type  effects  (diseases  of  the  leaf-curl  type);  the  third  group  (diseases  of  the  yellowing 
type)  causes  symptoms  such  as  yellowing  and  vein  clearing  (Costa  1976,  Duffus  & Flock 
1982).  Regardless  however  of  the  type  of  symptoms  observed  on  infested  plants,  it  is  the 
economic  impact  of  these  diseases  that  is  important. 

Economic  Losses 

Estimates  of  the  economic  impact  of  whitefly  infestations  include  both  direct  dollar 
losses  due  to  yield  losses  as  well  as  indirect  dollar  losses  that  result  from  undesirable 
events  such  as  unemployment.  Losses  from  whitefly  infestations  in  California  and  Arizona 
in  1982  were  estimated  at  SI 00  million  (Duffus  & Flock  1982).  In  the  1991-92  cropping 
season,  the  Imperial  County  Agricultural  Commissioner’s  Office  estimated  that  whitefly 
damage  to  fall  and  winter  crops  cost  the  county  approximately  $111  million  (Gonzales  et 
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al.  1992).  It  was  estimated  that  from  November  1991  to  January  1992,  there  was  a 21% 
increase  over  the  same  period  in  1990-91  in  the  number  of  unemployment  insurance  weeks 
claimed  because  of  the  whitefly  problem.  Farmers  were  forced  to  cease  planting  crops 
such  as  cantaloupes  altogether  or  to  delay  planting  until  conditions  were  more  favorable. 
As  a result,  fewer  farm  jobs  were  available. 

Perring  et  al.  (1993a)  listed  losses  incurred  by  various  states  in  1991  because  of 
whitefly  attacks.  Losses  to  Florida’s  tomato  industry  during  1990-91  were  estimated  at 
$125  million  (Schuster  1995),  while  total  state  losses  were  put  at  $141 . 1 million.  Losses 
in  Texas  were  $250  million  and  6460  jobs,  and  in  Arizonia  approximately  $37  million. 
Total  US  losses  were  estimated  at  over  $500  million. 

Population  Dynamics 
Factors  Affecting  Whitefly  Dynamics 

Whitefly  population  dynamics  are  influenced  by  environmental  factors  such  as 
temperature,  rainfall  and  relative  humidity,  by  cultural,  chemical  and  other  control 
practices,  and  by  biotic  factors  such  as  host  plant  nutritional  status  and  physical 
characteristics,  availability  of  alternate  hosts,  and  natural  enemies  (predators,  parasitoids 
and  pathogens)  (Baumgartner  & Yano  1990). 

The  study  of  whitefly  dynamics  is  often  restricted  to  studies  on  the  insect’s 
temporal  dynamics  in  a particular  system.  These  studies  are  used  mainly  to  investigate 
relationships  between  temperature  and  the  population  dynamics  of  the  insect  under  field  or 
greenhouse  conditions.  Temperature  is  one  of  the  most  important  factors  known  to 
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influence  whitefly  population  dynamics  and  in  agroecosystems  unaffected  by  management 
practices  and  environmental  factors  such  as  excessive  rainfall  and  humidity,  whitefly 
population  growth  is  usually  exponential  (Gerling  et  al.  1980,  Zalom  et  al.  1985). 
Spatiotemporal  host  plant  factors  such  as  quality  and  availability,  and  whitefly  dispersal 
(migration)  serve  to  modify  these  population  responses  (Hirano  et  al.  1993). 

Recently  researchers  have  attempted  to  understand  the  spatiotemporal  dynamics  of 
this  insect.  These  dynamical  studies  can  be  broken  down  into  studies  that  describe  the 
spatial  distribution  of  the  insect  within  host  plants,  studies  that  examine  population 
monitoring  tools,  studies  that  try  to  understand  mechanisms  behind  dispersal  and 
migration,  and  studies  that  use  simulation  models  to  understand  the  insect’s  infestation 
patterns  in  large  (homogeneous  and  heterogeneous)  systems. 

Spatial  Distribution  of  Whiteflies 

Consistent  patterns  in  spatial  distribution  have  been  observed  for  whiteflies  on 
different  host  plants.  Naranjo  and  Flint  (1994)  for  example  studied  the  spatial  distribution 
of  B.  tabaci  in  cotton  and  observed  that  all  four  sectors  of  a leaf  contained  an  equal 
distribution  of  eggs  and  nymphs  and  that  this  pattern  did  not  depend  on  nodal  location  of 
the  leaf,  cotton  cultivar  or  sampling  date.  They  also  noticed  that  both  eggs  and  nymphs 
were  clustered  at  the  proximal  end  of  each  sector.  Like  von  Arx  et  al.  (1984),  they 
proposed  a sequential  sampling  plan  for  whiteflies  in  cotton  and  determined  the  most 
efficient  sampling  unit  to  be  a single  3.88  cm2  disk  taken  from  the  base  of  the  second 
sector  of  the  fifth  mainstem  node  leaf.  Tonhasca  et  al.  (1994)  observed  similar  distribution 
patterns  in  cantaloupe  and  found  that  adults  were  more  abundant  on  terminal  leaves  and 
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that  no  differences  existed  between  leaf  sectors  for  any  immature  stages.  However,  eggs 
appeared  to  be  more  abundant  on  terminal  leaves  while  red-eyed  nymphs  were  more 
abundant  on  crown  leaves. 

Monitoring  Whiteflv  Population 

Several  techniques  and  tools  are  available  for  sampling  and  monitoring  whitefly 
populations.  Sampling  and  monitoring  of  insect  populations  are  essential  components  in 
the  development  and  implementation  of  action  thresholds  and  other  pest  management 
strategies.  Two  of  the  most  important  considerations  in  any  sampling  program  are  the 
precision  and  efficiency  with  which  samples  are  taken.  These  are  particularly  important 
when  sampling  small  insects  with  large  population  densities  such  as  whiteflies  (Naranjo  & 
Flint  1994).  Understanding  the  insect’s  biology,  ecology  and  spatial  distribution  is 
therefore  a prerequisite  to  establishing  the  most  cost  effective  and  efficient  sampling 
programs  (Morris  1960,  Ekbom  & Xu  1990). 

The  adult  whitefly  is  usually  sampled  with  yellow  sticky  traps  (Berlinger  1980, 
Gerling  & Horowitz  1984,  Byrne  et  al.  1986,  Ohnesorge  & Rapp  1986)  since,  like  a 
number  of  other  insects,  whiteflies  are  strongly  attracted  to  yellow  (Mound  1962).  Sticky 
trap  efficiency  can  be  affected  by  temperature,  rainfall,  photophase,  trap  characteristics, 
surrounding  vegetation,  and  field  size  (Gerling  & Horowitz  1984,  Ohnesorge  & Rapp 
1986,  Byrne  & von  Bretzel  1987,  Ekbom  & Xu  1990,  Palumbo  et  al.  1995,  Naranjo  et  al. 
1995). 

Gerling  and  Horowitz  (1984)  compared  yellow  traps  placed  horizontally  and 
vertically  with  visual  counts  and  D-vac  samples  and  found  that  adult  population  trends  for 
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visual  counts  and  D-vac  samples  were  similar.  Traps  placed  horizontally  however  caught 
more  adults  than  those  placed  vertically.  Later  Byrne  et  al.  (1986)  observed  that 
cylindrical  traps  caught  more  adults  than  upward-facing  horizontal  traps,  vertical  traps  and 
downward-facing  horizontal  traps.  The  number  of  insects  caught  on  traps  placed  ground 
level  correlated  better  with  visual  counts  than  higher  traps.  Some  caution  must  be 
exercised  in  transferring  sampling  methods  tested  in  an  experimental  plot  to  commercial 
fields.  When  Palumbo  et  al.  (1995)  examined  the  effect  of  field  size  on  three  sampling 
techniques  (yellow  sticky  trap,  visual  [Leafturn]  and  modified  vacuum  [Handvac]))  in 
experimental  plots  with  cantaloupe,  they  observed  that  these  methods  all  indicated  similar 
whitefly  population  trends  that  were  highly  correlated  with  immature  densities.  In 
commercial  fields  however  data  collected  by  the  sticky  trap  method  differed  significantly 
from  those  of  the  other  two  methods. 

Other  less  common  adult  whitefly  sampling  methods  include  the  visual  or  scouting 
method  (Musuna  1986,  Palumbo  et  al.  1995),  a black  pan  method  that  is  a modification  of 
a technique  described  by  Butler  and  Wilson  (1986),  vacuum  sampling  (Palumbo  et  al. 
1995),  and  rating  of  adult  swarms  from  disturbed  plants  (Butler  et  al.  1986). 

Immature  densities  are  usually  established  from  counts  on  leaves  at  certain 
positions  within  the  plant  canopy  and  from  defined  units  within  these  leaves.  This 
technique  has  been  used  for  estimating  population  sizes  and  designing  sampling  plans  for 
whiteflies  on  crops  such  as  cassava  (Abishold  & Fishpool  1990),  cotton  (Melamed-Madjar 
et  al.  1982,  von  Arx  et  al.  1984,  Ohnesorge  & Rapp  1986,  Naranjo  & Flint  1994), 
cantaloupe  (Tonhasca  et  al.  1994),  and  peanuts  (Lynch  & Simmons  1993).  Results  from 
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immature  sampling  would  of  course  depend  on  leaf  characteristics  such  as  age  and 
position,  the  presence  of  similar  structures  such  as  dead  larvae,  and  immatures  of  other 
whiteflies  (Ohnesorge  & Rapp,  1986). 

Dispersal  and  Migration 

In  the  absence  of  natural  enemy  influences,  whitefly  population  changes  become  a 
function  of  adult  fecundity,  within-stage  mortality,  and  immigration  and  emigration  of 
adults.  Effective  and  ecologically-sound  management  of  any  insect  depends  not  only  on 
knowledge  of  their  reproductive  and  survival  potentials,  but  also  on  their  dispersal 
capacity.  This  knowledge  can  be  used  to  predict  when  and  where  the  insect  is  likely  to 
become  a problem. 

The  dispersal  ability  of  whiteflies  is  the  least  understood  amongst  all  factors 
affecting  its  distribution  and  abundance.  Their  ability  and  propensity  to  disperse  depend 
on  light,  temperature,  precipitation,  humidity,  wind,  the  quality  and  age  of  host  plants,  and 
sex.  Berlinger  (1986)  and  Byrne  and  Houck  (1990)  have  suggested  that  SPW  adults  have 
two  distinct  flight  morphs— a trivial  flying  morph  and  a migratory  morph.  Trivial  fliers 
engage  in  short-distance  flight  under  the  plant  canopy  (Ohnesorge  et  al.  1980),  while 
individuals  in  the  migratory  morph  engage  in  relatively  long-distance  dispersal.  Recently 
emerged  adults  move  from  the  lower  leaf  canopy  to  the  upper  leaves  to  feed  and  oviposit. 
In  response  to  deteriorating  environmental  conditions,  some  of  these  adults  may  move  to 
ground  level  within  fields  and  tumble  along  at  this  level  assisted  by  wind.  Others  take  off 
from  their  host  plant,  get  caught  in  an  air  current  and  drift  passively  sometimes  for  several 
kilometers  not  unlike  aerial  plankton  (Byrne  & Bellows  1991). 
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Attempts  are  being  made  to  derive  models  that  describe  whitefly  dispersal. 
Although  these  insects  weigh  only  33  pg  (Byrne  et  al.  1988)  and  can  easily  be  taken  up  in 
wind  currents,  Byrne  et  al.  (1995)  observed  that  localized  movement  was  not  consistent 
with  models  for  passive  transport.  They  detected  patchy  dispersal  patterns  with  an 
underlying  bimodal  distribution  in  whiteflies  captured  after  a source  release.  They 
explained  these  patterns  as  a result  of  two  distinct  flight  morphs.  Insects  caught  near  the 
source  field  were  trivial  fliers,  while  those  caught  further  downwind  were  most  likely 
migratory.  Very  few  insects  were  caught  between  the  two  extremes  in  the  study. 

Time  of  day,  temperature  and  wind  patterns  also  affect  the  number  of  SPW  adults 
taking  flight.  Blackmer  and  Byrne  (1993a)  found  that  whiteflies  initiated  flight  activity 
during  all  hours  of  the  photoperiod  but  most  often  exhibited  long  phototactic  flights  from 
06.00  to  10.00  hours.  This  response  was  correlated  with  temperature  in  that  at  higher 
temperatures  there  appeared  to  be  a distinct  switch  in  phototactic  response  (Byrne  & von 
Bretzel  1987,  Bellows  et  al.  1988,  Blackmer  & Byrne  1993b).  In  Arizona  for  example, 
the  periodicity  of  whitefly  flight  activity  was  found  to  be  unimodal.  In  October,  this 
activity  was  observed  to  be  at  maximum  during  midmorning  hours,  while  in  late 
November,  when  temperatures  were  declining,  activity  shifted  to  mid-afternoon  (Byrne  & 
von  Bretzel  1987).  By  restricting  flight  activity  to  certain  times  the  insect  restricts  its 
activity  to  cooler  temperatures  and  hence  is  able  to  reduce  its  chances  of  desiccation, 
predation,  and  the  harmful  effects  of  radiation.  In  addition,  and  particularly  for  the  trivial 
fliers,  this  period  of  flight  activity  corresponds  to  time  of  low  wind  speeds.  Like  many 
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other  insects  (Johnson  1969),  this  insect  can  exercise  greater  control  over  the  direction  of 
flight  when  flight  is  initiated  during  this  period. 

One  day  old  whiteflies  showed  no  flight  activity  but  once  they  had  attained  flight 
age,  the  quality  of  the  host  plant  dictated  how  soon  they  flew  (Blackmer  & Byrne  1993  a). 
In  addition,  individuals  reared  on  low  quality  hosts  responded  earlier  than  individuals 
reared  on  high  quality  host.  It  was  suggested  that  because  of  poor  host  quality  the  insect 
initiated  obligatory  dispersal  in  search  of  high  quality  material  to  replenish  nutritional 
reserves.  Correlated  with  age  is  the  fact  that  a large  proportion  of  females  that  engage  in 
migratory  flights  possess  mature  functional  reproductive  systems  (Blackmer  & Byrne 
1993b). 

Male  and  female  whiteflies  have  different  flight  periodicities  over  the  course  of  the 
day.  Females  usually  engage  in  long-duration  flights  restricted  to  early  morning  whereas 
males  fly  throughout  the  day.  This  is  explained  by  the  fact  that  males  are  shorter  lived 
than  females  and  therefore  need  to  locate  a mate  as  quickly  as  possible  (Byrne  & Bellows 
1991).  They  therefore  tend  to  fly  for  longer  periods  throughout  the  day  (Blackmer  & 
Byrne  1993  a). 

Whiteflv  Population  Models 

Baumgartner  and  Yano  (1990)  recognized  three  major  approaches  used  for 
analyzing  population  dynamics  of  whiteflies.  These  are  the  evaluation  of  ecological 
factors  in  controlled  experiments,  field  and  greenhouse  studies  where  population  densities 
and  age  structures  are  related  to  environmental  factors,  and  population  modeling. 
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Whereas  population  models  have  been  widely  used  for  studying  the  dynamics  of 
the  greenhouse  whitefly,  Trialeurodes  vaporariorum  (Xu  et  al.  1981,  Xu  1 987, 1991  a, b, 
Hulspas-Jordaan  & van  Lenteren  1988,  Yano  et  al.  1988a,b),  less  effort  has  been  placed 
on  the  development  of  population  models  for  B.  t abaci . This  is  probably  because  it  is 
much  simpler  to  develop  models  for  closed  systems  such  as  greenhouses  than  it  is  to 
develop  models  for  field  populations  that  are  affected  by  changing  weather  and  plant 
conditions,  immigration  and  emigration.  Models  of  B.  t abaci  have  generally  been  used  to 
describe  the  insect’s  dynamics  in  homogeneous  systems  such  as  in  cotton  fields  (von  Arx 
et  al.  1983,  Baumgartner  et  al.  1986,  Berlinger  & Nir  1989,  Baumgartner  & Yano  1990), 
to  study  the  relationship  between  transient  vector  (whitefly)  densities  and  disease 
incidence  (Bellows  & Arakawa  1986),  or  to  evaluate  germplasm  for  antibiotic  resistance 
(Van  Giessen  et  al.  1995). 

A demographic  approach  has  been  used  to  model  whiteflies  on  cotton  (von  Arx  et 
al.  1983,  Baumgartner  et  al.  1986,  Baumgartner  & Yano  1990).  The  distribution  of 
developmental  times  was  described  with  a time-varying  distributed  delay  as  outlined  in 
Manetsch  (1976)  and  Vansickle  (1977).  These  models  examined  the  effects  of 
temperature,  host  plant,  natural  enemies,  and  migration.  Simulation  results  indicated  that 
temperature  and  plant  quality  were  the  most  important  factors  affecting  whitefly  life 
systems  followed  by  migration,  and  that  an  initially  slow  whitefly  population  growth  was 
usually  followed  by  rapid  exponential  growth  as  temperatures  increased.  Populations 
usually  peaked  when  temperatures  were  changing  and  thereafter  decreased  as  cooler 
temperatures  set  in.  The  extent  of  population  growth  also  seemed  to  be  more  affected  by 
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the  initial  numbers  of  whiteflies  in  the  system  and  was  therefore  very  sensitive  to  initial 
populations  than  to  continuing  migration. 

Van  Giessen  et  al.  (1995)  on  the  other  hand  used  a deterministic  simulation  model, 
SARAH  (Software  for  the  Assessment  of  antibiotic  Resistance  to  Aleyrodidae  in  Host 
plants)  to  evaluate  antibiotic  resistance  of  single  plants.  Resistance  was  determined  by  the 
relationship  between  simulated  intrinsic  population  growth  rate  and  the  growth  rate 
determined  on  a susceptible  control  genotype. 

Only  one  study  was  found  where  an  attempt  was  made  to  model  whitefly  dynamics 
in  a spatially  heterogeneous  system  (Wilhoit  et  al.  1994).  In  this  system,  the  Imperial 
Valley,  California,  the  spatial  and  temporal  dynamics  of  adult  whiteflies  were  studied  in  19 
crops.  The  valley  was  subdivided  into  one-square-mile  sections  and  crop  dynamics  and 
whitefly  densities  were  followed  in  each  section.  The  model  included  environmental 
forcing  by  temperature  and  wind  which,  along  with  crop  type,  influenced  whitefly 
population  densities.  Natural  enemies  were  however  excluded  from  the  system. 

Management  of  Whitefly  Populations 

Chemical  Control 

The  most  widely  used  method  for  managing  whitefly  populations  has  been 
chemical  application.  Cock  (1993)  gave  a comprehensive  list  of  insecticides  that  have 
been  tested  against  B.  tabaci.  In  many  cases,  insecticides  have  been  used  as  a prophylactic 
measure.  The  increasing  use  of  insecticides  is  highly  correlated  with  the  rapid 
development  of  different  types  of  pesticide  groups  such  as  organophosphates  (OPs), 
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pyrethroids,  insect  growth  regulators  (IGRs),  and  biorationals.  Intensification  in  pesticide 
applications  has  led  to  high  selection  pressures  on  whitefly  populations  and  is  thought  to 
be  responsible  for  the  development  of  resistance  and  exacerbation  of  the  whitefly  problem 
(Prahaker  et  al.  1985,  Ahmed  et  al.  1987,  Dittrich  et  al.  1990). 

Attempts  have  been  made  to  manage  whitefly  resistance.  For  successful 
management  however  it  is  necessary  that  some  of  the  requirements  listed  by  Dittrich  et  al. 
(1990)  for  any  resistance  management  program  should  be  included.  These  are  a definition 
of  resistance  and  cross-resistance  patterns  in  the  field,  the  development  of  suitable 
insecticide  rotation,  development  of  effective  insecticide  mixtures,  and  the  detection  and 
development  of  new  insecticides  that  are  unaffected  by  the  current  resistance  mechanisms. 
Horowitz  and  Ishaaya  (1994)  found  that  insecticide  resistance  to  the  IGRs,  buprofezin  and 
pyriproxyfen,  could  be  prevented  by  restricting  application  to  once  per  crop  season  during 
the  period  of  peak  crop  activity.  Liu  and  Stansly  (1995)  pointed  out  that  there  was  a 
tendency  for  spray  systems  to  concentrate  chemicals  on  the  upward  facing  adaxial  leaf 
surfaces  which  tended  to  reinforce  strong  whitefly  preferences  for  the  downward-facing 
abaxial  surfaces.  They  insisted  that  chemical  coverage  of  abaxial  leaf  surfaces  or  bottom 
leaves  of  plants  should  be  increased. 

Spray  scheduling  should  be  based  on  action  thresholds  in  managing  resistance  in 
the  pest.  Riley  and  Palumbo  (1995)  for  example  found  that  by  using  action  thresholds 
established  for  SLW  on  melons  they  were  able  to  reduce  the  number  of  calendar 


insecticide  treatments  by  half. 
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Biological  Control 

Whitefly  natural  enemies  (pathogens,  predators,  and  parasitoids)  are  not  found  in 
equal  abundance  throughout  the  range  of  this  pest  and  therefore  their  effects  on  whitefly 
populations  are  not  always  the  same  for  all  regions.  In  agricultural  areas  in  Florida  for 
example,  a wide  range  of  natural  enemies  has  been  observed  (Evans  1993,  Dean  1994). 
Evans  (1993)  reared  15  parasitoids  from  SPW;  Dean  (1994)  observed  at  least  19  species 
of  arthropods  attacking  this  insect,  and  in  noninsecticide-treated  peanut  fields,  McAuslane 
et  al.  (1993,  1994)  observed  very  high  levels  of  mortality  (up  to  100%  by  the  end  of  the 
crop  cycle)  due  to  parasitism.  In  agricultural  areas  in  southern  California,  natural  enemy 
populations  are  often  very  low  (Meyerdirk  et  al.  1986,  Bellows  & Arakawa  1988)  and 
their  impact  on  whitefly  populations  is  often  minimal  (Meyerdirk  et  al.  1986,  Gill  1992). 

The  inadequacy  of  natural  enemies  to  effectively  control  SLW  to  below  economic 
levels  in  some  situations  has  been  noted  (Parrella  et  al.  1992).  One  possible  reason  for  this 
may  be  differences  in  the  growth  rates  of  the  natural  enemy  agent  and  the  whitefly. 

Powell  and  Bellows  (1992c)  for  example  studied  two  populations  of  Eretmocerus  species, 
a California  and  an  Hawaiian  species.  Both  species  had  lower  intrinsic  rates  of  increase 
than  B.  iabaci  on  cotton  when  parasitism  was  examined  at  20  °C.  At  29  °C  however,  the 
Hawaiian  population  had  higher  intrinsic  rates  of  increase  than  the  whitefly.  They 
indicated  that  the  Hawaiian  species  was  the  more  adequate  species  for  biocontrol. 

Very  few  natural  enemy  agents  can  or  have  been  integrated  into  biological  control 
programs  against  whiteflies  (Onillon  1990).  Presently,  biocontrol  has  only  been  effective 
in  managing  SLW  infesting  greenhouse  crops  (Breene  et  al.  1992,  Heinz  & Parrella  1994). 
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Biocontrol  has  been  justified  based  partly  on  lower  production  costs  and  increased  returns 
that  are  to  be  expected  from  this  strategy.  Cherkasov  (1986)  observed  that  using 
Encarsici  formosa  Gahan  or  Verticillium  on  B.  tabaci  in  glasshouse  cucumber  resulted  in 
increased  yields  and  reduced  costs  over  standard  insecticide  control.  There  are  however 
instances  where  biocontrol  has  been  associated  with  higher  production  cost.  On 
poinsettia,  the  parasitoid  E.  formosa  gave  little  control  of  B.  argentifolii  even  at  low 
densities,  and  although  releases  of  the  parasitoid  reduced  the  number  of  insecticide 
applications  by  75%,  on  a m2  basis  the  cost  of  using  the  parasitoid  was  9.5  times  that  of 
using  the  insecticides  alone  (Hoddle  & VanDriesche  1996).  These  results  imply  that  both 
the  crop  and  whitefly  species  should  be  equally  considered  in  any  biocontrol  program,  and 
that  biocontrol  packages  are  crop  specific. 

Cultural  and  Other  Control  Strategies 

Alteration  of  planting  date,  destruction  of  alternate  hosts,  trap  cropping  , close 
cropping  seasons,  and  barriers  are  some  of  the  more  common  cultural  methods  used  to 
manage  whitefly  populations  (Cook  1986b).  A number  of  workers  have  tested  various 
cover  types  as  barriers  against  whitefly  infestation  (Al-Musa  et  al.  1985,  Abbass  et  al. 
1988,  Berlinger  et  al.  1988).  Polyethylene  row  covers  were  compared  with  pesticide- 
treated  and  untreated  zucchini  plots  for  management  of  whiteflies  (Costa  et  al.  1994). 
Yields  from  row-cover  treated  plots  were  significantly  greater,  and  plants  showed  less 
silvering  than  in  the  two  other  treatments. 

Removal  of  alternate  hosts  such  as  weeds  and  changes  in  seasonal  cropping 
patterns  seem  to  prevent  the  build-up  of  SPW  populations  and  whitefly  transmitted 
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diseases  such  as  lettuce  infectious  yellows  (Woods  1988,  Blua  et  al.  1994).  Breeding  host 
plants  for  whitefly  resistance  has  also  been  investigated  (Berlinger  1986,  De  Ponti  et  al. 
1990).  Plant  resistance  to  insects  involves  two  basic  mechanisms— antixenosis  which 
elicits  a behavioral  response  from  the  target  insect  and  antibiosis  that  acts  on  the 
developmental  processes  of  the  insect.  Both  mechanisms  of  resistance  have  been  observed 
for  whiteflies  although  antixenosis  appears  to  be  the  more  common  mechanism  of 
resistance.  In  cotton  for  example  plants  with  glabrous,  okra-leaf  shape  and  open  canopy 
are  less  susceptible  to  SPW  infestations  (De  Ponti  et  al.  1990). 

Integrated  Control 

It  appears  now  that  no  one  method  can  be  effective  in  managing  whitefly 
populations  so  that  an  integrated  pest  management  (IPM)  approach  is  required.  This 
strategy  involves  the  simultaneous  manipulation  of  the  whitefly’ s environment,  its  host 
plants  and  the  whitefly  itself.  An  example  of  an  IPM  package  for  cotton  in  India  was 
suggested  by  Natarajan  et  al.  (1986).  This  package  included  growing  cotton  once  a year 
and  rotating  with  cereals,  limiting  the  use  of  fertilizers  and  irrigation,  removal  of 
alternative  hosts,  monitoring  SPW  populations  and  applying  pesticides  based  on  different 
thresholds,  and  avoiding  the  use  of  certain  pesticides. 
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Table  1 -1 . Mean  duration  of  development  for  Bemisia  tabaci  and  Bemsia  argentifolii 
at  various  temperatures  and  on  various  host  plants. 


Life  Temp(°C)  Host  Development  Reference 

Stage(s)  (R.H.%)  a Plants Time  (days) 


EGG 

28.4 
14.3 

16.7 

20.0 

22.5 

25.0 

27.5 

30.0 

32.5 

36.0 

14.0 

25.0 

25.0  (75%) 

25.0  (75%) 

25.0  (75%) 

25.0  (75%) 

25.0  (75%) 

20.0  (>50%) 

25.5  (>50%) 

29.0  (>50%) 

32.0  (>50%) 

20.0  (>50%) 

25.5  (>50%) 

29.0  (>50%) 

32.0  (>50%) 

25.0  (65%) 


Sweet  potato 

3.0 

29.0 

Cotton 

22.5 

11.5 

9.9 

7.6 

6.1 

5.4 

5.0 

No  Hatch 


Tomato 

16.5 

6.4 

Bean 

6.14 

Tobacco 

6.37 

Lantana 

6.9 

Tomato 

7.3 

Cotton 

7.67 

Cotton 

8.75 

4.81 

4.17 

3.92 

Cucumber  12.4 

5.82 
4.11 
4.1 

Tomato  7.3 


Azab  et  al.  (1972) 

Butler  et  al.  (1983) 

Sharaf  & Batta  (1985) 
Lopez- Avila  (1986) 

Powell  & Bellows  (1992a) 
Powell  & Bellows  (1992a) 
Salas  & Mendoza  (1995) 


31 


Table  1-1—  continued 


Life 

Stage(s) 

Temp(°C) 
(R.H.%) a 

Host 

Plants 

Development 
Time  (days) 

Reference 

15.41 

Cotton 

21.9 

Wagner  (1995) 

20.01 

11.4 

24.81 

6.2 

26.02 

6.3 

28.00 

5.4 

34.66 

5.0 

25.0  (80-90%) 

Eggplant 

5.96 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

6.21 

25.0  (80-90%) 

Sweet  potato 

6.14 

25.0  (80-90%) 

Cucumber 

6.37 

25.0  (80-90%) 

Garden  Bean 

6.0 

27.0  (67%) 

Alfalfa 

7.4 

Yee  & Toscano  (1996) 

27.0  (67%) 

Broccoli 

7.5 

27.0  (67%) 

Cantaloupe 

7.3 

27.0  (67%) 

Cotton 

7.1 

27.0  (67%) 

Zucchini 

7.3 

15.0(70-90%) 

Eggplant 

25.8 

Wang  & Tsai  (1996) 

20.0  (70-90%) 

10.3 

25.0  (70-90%) 

5.9 

27.0  (70-90%) 

4.9 

30.0  (70-90%) 

4.2 

35.0  (70-90%) 

4.9 

1st 

INSTAR 

14.3 

Sweet  potato 

6.0 

Azab  et  al.  (1972) 

28.4 

2.0 

14.0 

Tomato 

9.0 

Sharaf  & Batta  (1985) 

25.0 

2.8 

26.7(91.7%) 

Cotton 

2.9 

Bethke  et  al.  (1991) 

26.7(91.7%) 

Poinsettia 

4.9 
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Table  1-1—  continued 


Life  Temp(°C)  Host  Development  Reference 

Stage(s)  (R.H.%) 3 Plants Time  (days) 


20.0  (>50%) 

Cotton 

4.92 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

3.40 

29.0  (>50%) 

5.17 

32.0  (>50%) 

3.92 

20.0  (>50%) 

Cucumber 

6.60 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

4.08 

29.0  (>50%) 

3.47 

32.0  (>50%) 

3.68 

25.0  (65%) 

Tomato 

4.0 

Salas  & Mendoza  (1995) 

25.0  (80-90%) 

Eggplant 

1.99 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

2.21 

25.0  (80-90%) 

Sweet  potato 

2.39 

25.0  (80-90%) 

Cucumber 

2.34 

25.0  (80-90%) 

Garden  Bean 

3.05 

27.0  (67%) 

Alfalfa 

4.0 

Yee  & Toscano  (1996) 

27.0  (67%) 

Broccoli 

3.8 

27.0  (67%) 

Cantaloupe 

4.7 

27.0  (67%) 

Cotton 

4.1 

27.0  (67%) 

Zucchini 

5.1 

15.0  (70-90%) 

Eggplant 

15.0 

Wang  & Tsai  (1996) 

20.0  (70-90%) 

4.1 

25.0  (70-90%) 

2.0 

27.0  (70-90%) 

1.7 

30.0  (70-90%) 

1.7 

35.0  (70-90%) 

3.0 
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Table  1-1—  continued 


Life 

Temp(°C) 

Host 

Development 

Reference 

Stage(s) 

(R.H.%) a 

Plants 

Time  (days) 

2nd 

INSTAR 

14.3 

Sweet  potato 

5.0 

Azab  et  al.  (1972) 

28.4 

1.0 

14.0 

Tomato 

7.0 

Sharaf  & Batta  (1985) 

25.0 

2.4 

26.7(91.7%) 

Cotton 

2.1 

Bethke  et  al.  (1991) 

26.7(91.7%) 

Poinsettia 

2.5 

20.0  (>50%) 

Cotton 

3.25 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

1.74 

29.0  (>50%) 

2.26 

32.0  (>50%) 

2.14 

20.0  (>50%) 

Cucumber 

4.40 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

2.14 

29.0  (>50%) 

2.32 

32.0  (>50%) 

2.15 

25.0  (65%) 

Tomato 

2.7 

Salas  & Mendoza  (1995) 

25.0  (80-90%) 

Eggplant 

2.35 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

2.23 

25.0  (80-90%) 

Sweet  potato 

2.11 

25.0  (80-90%) 

Cucumber 

2.43 

25.0  (80-90%) 

Garden  Bean 

3.10 

15.0(70-90%) 

Eggplant 

13.1 

Wang  & Tsai  (1996) 

20.0  (70-90% 

3.6 

25.0  (70-90%) 

2.3 

27.0  (70-90%) 

2.0 

30.0  (70-90%) 

1.7 

35.0  (70-90%) 

2.3 
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Table  1-1— continued 


Life 

Temp(°C) 

Host 

Development 

Reference 

Stage(s) 

(R.H.%) a 

Plants 

Time  (days) 

3rd 

INSTAR 

14.3 

Sweet  potato 

7.0 

Azab  et  al.  (1972) 

28.4 

2.0 

14.0 

Tomato 

9.5 

Sharaf  & Batta  (1985) 

25.0 

3.0 

26.7(91.7%) 

Cotton 

3.0 

Bethke  et  al.  (1991) 

26.7(91.7%) 

Poinsettia 

3.3 

20.0  (>50%) 

Cotton 

3.38 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

2.38 

29.0  (>50%) 

2.29 

32.0  (>50%) 

2.21 

20.0  (>50%) 

Cucumber 

4.00 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

2.42 

29.0  (>50%) 

2.34 

32.0  (>50%) 

2.03 

25.0  (65%) 

Tomato 

4.0 

Salas  & Mendoza  (1995) 

25.0  (80-90%) 

Eggplant 

1.92 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

2.23 

25.0  (80-90%) 

Sweet  potato 

2.36 

25.0  (80-90%) 

Cucumber 

2.31 

25.0  (80-90%) 

Garden  Bean 

2.87 

15.0(70-90%) 

Eggplant 

15.0 

Wang  & Tsai  (1996) 

20.0  (70-90%) 

3.2 

25.0  (70-90%) 

2.3 

27.0  (70-90%) 

2.1 

30.0  (70-90%) 

1.6 

35.0  (70-90%) 

2.8 
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Table  1-1— continued 


Life 

Stage(s) 

Temp(°C) 
(R.H.%) a 

Host 

Plants 

Development 
Time  (days) 

Reference 

4th 

INSTAR 

25  (75%) 

Bean 

3.4 

Lopez- Avila  (1986) 

25  (75%) 

Tobacco 

2.2 

25  (75%) 

Lantana 

3.8 

25  (75%) 

Tomato 

2.0 

25  (75%) 

Cotton 

2.1 

14.0 

Tomato 

27.5 

Sharaf  & Batta  (1985) 

25.0 

4.7 

25.0  (80-90%) 

Eggplant 

5.09 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

5.11 

25.0  (80-90%) 

Sweet  potato 

5.14 

25.0  (80-90%) 

Cucumber 

5.89 

25.0  (80-90%) 

Garden  Bean 

5.92 

27.0  (67%) 

Alfalfa 

6.4 

Yee  & Toscano  (1996) 

27.0  (67%) 

Broccoli 

6.0 

27.0  (67%) 

Cantaloupe 

5.0 

27.0  (67%) 

Cotton 

5.6 

27.0  (67%) 

Zucchini 

6.1 

15.0(70-90%) 

Eggplant 

36.0 

Wang  & Tsai  (1996) 

20.0  (70-90%) 

8.5 

25.0  (70-90%) 

5.1 

27.0  (70-90%) 

4.8 

30.0  (70-90%) 

4.1 

35.0  (70-90%) 

5.8 

PUPA 

25.0  (75%) 

Bean 

4.4 

Lopez- Avila  (1986) 

25.0  (75%) 

Tobacco 

4.5 

25.0  (75%) 

Lantana 

2.3 

25.0  (75%) 

Tomato 

2.4 

25.0  (75%) 

Cotton 

1.7 
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Table  1-1—  continued 


Life 

Temp(°C) 

Host 

Development 

Reference 

Stage(s) 

(R.H.%) a 

Plants 

Time  (days) 

27.0(67%) 

Alfalfa 

3.2 

Yee  & Toscano  (1996) 

27.0(67%) 

Broccoli 

3.0 

27.0(67%) 

Cantaloupe 

3.0 

27.0(67%) 

Cotton 

2.8 

27.0(67%) 

Zucchini 

2.9 

4th  & 

PUPA 

14.3 

Sweet  potato 

23.0 

Azab  et  al.  (1972) 

28.4 

4.0 

26.7(91.7%) 

Cotton 

5.3 

Bethke  et  al.  (1991) 

26.7(91.7%) 

Poinsettia 

4.4 

20.0  (>50%) 

Cotton 

8.33 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

5.34 

29.0  (>50%) 

5.23 

32.0  (>50%) 

5.39 

20.0  (>50%) 

Cucumber 

10.8 

Powell  & Bellows  (1992a) 

25.5  (>50%) 

5.76 

29.0  (>50%) 

5.11 

32.0  (>50%) 

5.47 

25.0  (65%) 

Tomato 

5.8 

Salas  & Mendoza  (1995) 

EGG  to 
ADULT 

14.9 

Cotton 

65.1 

Butler  et  al.  (1983) 

16.7 

48.7 

20.0 

34.7 

22.5 

27.8 

25.0 

23.6 

27.5 

17.8 

30.0 

16.6 
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Table  1 - 1 —continued 


Life  Temp(°C)  Host  Development  Reference 

Stage(s)  (R.H  %) a Plants Time  (days) 


26.7  (40-60%) 

Carrot 

29.8 

26.7  (40-60%) 

Broccoli 

29.7 

26.7  (40-60%) 

Tomato 

27.3 

26.7  (40-60%) 

Pepper 

23.0 

26.7  (40-60%) 

Cantaloupe 

22.3 

26.7  (40-60%) 

Watermelon 

22.3 

26.7  (40-60%) 

Cotton 

21.7 

26.7  (40-60%) 

Alfalfa 

21.4 

26.7  (40-60%) 

Squash 

21.3 

26.7  (40-60%) 

Eggplant 

20.9 

26.7  (40-60%) 

Cucumber 

20.6 

26.7  (40-60%) 

Lettuce 

19.4 

26.7  (40-60%) 

Sweet  potato 

18.6 

25.0  (75%) 

Bean 

21.4 

25.0  (75%) 

Tobacco 

22.4 

25.0  (75%) 

Lantana 

25.4 

25.0  (75%) 

Tomato 

23.5 

25.0  (75%) 

Cotton 

23.0 

26.7(91.7%) 

Cotton 

23.3 

26.7(91.7%) 

Poinsettia 

23.2 

25.0  (60%) 

Tomato 

21.0 

25.0  (60%) 

Collard 

21.2 

25.0  (60%) 

Eggplant 

18.5 

25.0  (60%) 

Pepper 

19.2 

17.39 

Cotton 

51.9 

20.01 

32.2 

24.81 

18.3 

26.02 

18.7 

28.00 

17.3 

34.66 

29.3 

Coudriet  et  al.  (1985) 


Lopez- Avila  (1986) 


Bethke  et  al.  (1991) 


Van  Giessen  et  al.  (1995) 


Wagner  (1995) 
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Table  1-1-continued 


Life 

Stage(s) 

Temp(°C) 
(R.H.%) a 

Host 

Plants 

Development 
Time  (days) 

Reference 

25.0  (80-90%) 

Eggplant 

17.30 

Tsai  & Wang  (1996) 

25.0  (80-90%) 

Tomato 

17.96 

25.0  (80-90%) 

Sweet  potato 

18.14 

25.0  (80-90%) 

Cucumber 

19.34 

25.0  (80-90%) 

Garden  Bean 

20.95 

27.0  (67%) 

Alfalfa 

22.4 

Yee  & Toscano  (1996) 

27.0  (67%) 

Broccoli 

22.2 

27.0  (67%) 

Cantaloupe 

21.7 

27.0  (67%) 

Cotton 

21.3 

27.0  (67%) 

Zucchini 

23.0 

15.0(70-90%) 

Eggplant 

104.9 

Wang  & Tsai  (1996) 

20.0  (70-90%) 

29.8 

25.0  (70-90%) 

27.6 

27.0  (70-90%) 

16.0 

30.0  (70-90%) 

13.6 

35.0  (70-90%) 

18.8 

Temperture  and  Relative  Humidity 


Table  1-2.  Economically  important  viruses  and  phytotoxic  disease  disorders  resulting 
from  feeding  by  Bemisia  tabaci  and  Bemisici  argentifolii  on  agricultural  crops. 
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Virus  or  Disease 
(Acronym) 

Disease 

Type3 

Major 

Host 

Reference 

African  cassava  mosaic  (ACMV) 

GM 

Cassava 

Bock  et  al.  (1978) 

Bean  golden  mosaic  (BGMV) 

GM 

Bean 

Goodman  et  al.  (1977) 

Chino  del  tomate  (CdTV) 

GM 

Solanaceae 

Brown  & Nelson  (1988) 

Cowpea  mild  mosaic  (CMMV) 

CM 

Cowpea 

Brunt  & Kenten  (1973) 

Cotton  leaf  crumple  (CLCV) 

GM 

Cotton 

Brown  & Nelson  (1984) 

Cucumber  vein  yellowing  (CVYV) 

RS 

Cucurbits 

Sela  et  al.  (1980) 

Lettuce  infectious  yellow  (LIYV) 

CIV 

Lettuce 

Dufius  & Flock  (1982) 

Mung  bean  yellow  (MBYMV) 

GM 

Mung  bean 

Honda  et  al.  (1983) 

Pepper  streak 

P 

Pepper 

Summers  & Estrada  (1996) 

Soybean  crinkle  leaf  (SCLV) 

GM 

Soybean 

Iwaki  et  al.  (1983) 

Squash  leaf  curl  (SLCV) 

GM 

Cucurbits 

Cohen  et  al.  (1983) 

Squash  silverleaf  (SSL) 

P 

Cucurbits 

Maynard  & Cantliffe  (1989) 

Tobacco  leaf  curl  (TLCV) 

GM 

Tobacco 

Osaki  & Inouyi  (1981) 

Tomato  golden  mosaic  (TGMV) 

GM 

Tomato 

Hamilton  et  al.  (1981) 

Tomato  mottle  (ToMoV) 

GM 

Tomato 

Kring  et  al.  (1991) 

Tomato  yellow  leaf  curl  (TYLCV) 

GM 

Tomato 

Czosnek  et  al.  (1988) 

Tomato  irregular  ripening  (TIR) 

P 

Tomato 

Maynard  & Cantliffe  (1989) 

Watermelon  curly  mottle  (WCMoV) 

GM 

Cucurbits 

Brown  & Nelson  (1986) 

White  stem  (WS) 

P 

Pumpkin 

Costa  & Brown  (1990) 

adapted  from  Byrne  et  al.  (1990) 

a GM,  Geminivirus;  CV,  Carlavirus;  CIV,  Closterovirus;  RS,  Rod  shaped;  P,  Phytotoxic 
effect 


CHAPTER  2 

A SPATIOTEMPORAL  INSECT  SPECIES  INTERACTION 
MODEL  FOR  LARGE-SCALE  DYNAMICS 

Introduction 

The  intractable  nature  of  large-scale  ecological  experiments  presents  a problem  to 
population  ecologists  trying  to  understand  the  dynamics  of  plant  and  animal  species,  and 
the  effects  of  important  ecological  processes,  over  large  spatial  extents  (Turner  et  al. 

1995).  When  such  large-scale  experiments  are  conceived,  it  is  often  logistically  impossible 
to  replicate  these  efforts.  Data  taken  from  Kareiva  and  Anderson  (1988),  and  summarized 
in  Levin  ( 1 992),  clearly  indicate  that  as  the  size  of  the  experimental  unit  is  increased,  there 
is  generally  a corresponding  decrease  in  the  number  of  experimental  replicates  that  are 
conducted.  Replication  and  randomization  are  two  basic  requirements  in  any  good 
experiment  (Mead  & Curnow  1983).  Ecologists  have  therefore  been  searching  for  tools 
to  complement  field  experimentation  and  replication  in  studying  species  population 
dynamics  in  large  spatial  systems  and  have  found  simulation  models  to  be  quite  useful 
(Levin  1992). 

Simulation  models  are  already  being  used  by  landscape  managers  and  population 
ecologists  to  investigate  animal  species  dynamics  in  large  heterogeneous  habitats.  These 
models  have  generally  been  formulated  as  spatially  explicit  population  models  (SEPMs) 
that  combine  a population  simulation  model  with  a habitat  or  landscape  map  that  describes 
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the  spatial  distribution  of  species  resources  in  the  region.  SEPMs  have  therefore  captured 
the  attention  of  population  ecologists  and  conservation  biologists,  and  are  now  being 
applied  in  a number  of  situations  (Dunning  et  al.  1995,  Turner  et  al.  1995,  Conroy  et  al. 
1995,  Holt  et  al.  1995).  Insect  ecologists  have  been  slow  to  adopt  these  types  of  models, 
and  have  done  very  little  to  incorporate  habitat  complexity  of  the  real  world  into  their 
models. 

In  insect  ecology,  models  have  been  used  mainly  to  investigate  insect-habitat 
and/or  insect-insect  relationships  in  homogeneous  (real  and  artificial)  systems  (e.g.  von 
Arx  et  al.  1983,  Liebhold  & McManus  1991,  DeGrandi-Hoffman  et  al.  1994),  and  to 
examine  questions  pertaining  to  the  effects  of  spatial  variability  and  species  dispersal  on 
population  stability  and  persistence  (Reeve  1990,  Hastings  1990,  Taylor  1990,  Hassell  et 
al.  1991,  Alder  1993),  For  examining  theoretical  questions,  the  insect  system  in  these 
models  is  generally  formulated  as  Coupled  Map  Lattices  (CML)  (Allen  1975,  Allen  et 
al.  1 993,  Hassell  et  al.  1991,1994,  Bascompte  & Sole  1994).  CMLs  represent  dynamical 
systems  with  discrete  time  and  space,  and  continuous  state  (Kaneko  1989,  1990,  1992)  in 
which  the  degree  of  coupling  between  subpopulations  is  clearly  defined  by  dispersal  or 
migration  rules. 

Two  different  ways  have  generally  been  used  to  incorporate  spatial  movement  into 
ecological  models,  and  these  depend  on  several  factors  including  the  type  of  system  being 
considered-continuous  (in  time  and  space)  or  discrete  (in  time).  For  continuous  systems, 
spatial  movement  is  commonly  incorporated  through  reaction-diffusion  equations  (Okubo 
1980,  Rudd  & Gabdour  1985,  Banks  et  al.  1988,  Corbett  & Plant  1993),  but  the 
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mathematics  involved  in  the  solution  of  these  equations  can  be  quite  difficult  (Stinner  et  al. 
1983,  Barclay  1992,  Allen  et  al.  1995).  Reaction-diffusion  equations  are  not  appropriate 
for  describing  spatial  movement  in  discrete  systems  (Kot  1989,  Andersen  1991)  and 
instead  patch  models  are  developed  where  each  patch  is  occupied  by  a subpopulation,  and 
population  processes  are  unique  to  that  patch.  Spatial  movement  in  this  case  is  modeled 
with  dispersal  rules  that  specify  neighborhood  (local)  or  global  connection  between 
subpopulations.  Examples  of  local  movement  rules  include  rook’s  (orthogonal),  bishop’s 
(diagonal),  and  queen’s  (orthogonal  and  diagonal)  moves  (Sokal  & Oden  1978). 
Integrodifference  equations  (IDEs)  have  recently  emerged  as  alternatives  to  reaction- 
diffusion  equations  in  discrete-time  ecological  systems  (Kot  & Schaffer  1986,  Kot  1989, 
Andersen  1991).  Rules  for  species  movement  in  continuous  as  well  as  discrete  spatial 
systems  can  be  applied. 

In  this  chapter,  the  framework  for  a discrete-time  spatiotemporal  insect  population 
model  is  developed  and  described.  This  model  integrates  ideas  from  SEPMs,  CMLs  and 
IDEs  and  is  developed  primarily  as  a tool  for  studying  insect  dynamics  in  regional  crop 
systems.  It  combines  a population  simulation  submodel  with  landscape  or  resource  maps 
that  describe  the  heterogeneous  habitat  of  the  insect,  and  spatial  movement  is  explicitly 
incorporated.  The  merits  and  limitations  of  this  modeling  approach  as  it  relates  to  the 
study  of  insect  dynamics  in  regional  agricultural  systems  are  discussed. 
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Model  Formulation.  Development  and  Description 

Ideas  from  SEPMs,  CMLs  and  IDEs  are  integrated  in  formulating  the  framework 
for  the  spatiotemporal  model.  The  model  is  an  age-structured  form  of  the  Nicholson- 
Bailey  (Nicholson  & Bailey  1935)  model  in  which  prey  and  natural  enemy  populations 
inhabit  a two-dimensional  spatially  heterogeneous  environment  that  is  characterized  with  a 
spatial  matrix  of  resource  types.  Spatial  movement  is  accomplished  by  summing  the 
dispersal  of  individuals  into  each  point  from  all  other  points  in  the  spatial  system,  and  is 
coupled  with  reproduction  using  a two-dimensional  discrete  space  counterpart  of  an  IDE 
model.  The  discussion  begins  with  some  background  on  SEPMs,  CMLs,  IDEs,  and 
Nicholson-Bailey  (NB)  model. 

Spatially  Explicit  Population  Models 

Dunning  et  al.  (1995  p.  3)  define  SEPMs  as  models  that  “combine  a population 
simulator  with  a landscape  map  that  describes  the  spatial  distribution  of  landscape 
features”.  These  models  have  the  ability  to  include  some  degree  of  spatial  realism  by 
capturing  important  features  of  the  habitat  in  which  a species  exists,  and  therefore  can  be 
used  to  test  hypotheses  on  the  effects  of  explicit  resource  distributions  on  species 
dynamics  (Dunning  et  al.  1995,  Turner  et  al.  1995,  Conroy  et  al.  1995,  Holt  et  al.  1995). 
SEPMs  therefore  can  be  used  for  studying  animal  species  dynamics  and  ecological 
processes  across  spatial  scales  ranging  from  local  to  regional  to  global.  The  capability  to 
do  so  is  only  limited  by  the  ability  to  adequately  describe  the  species  habitat,  and  to 
identify  and  estimate  model  parameters  at  the  relevant  spatial  scales. 
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Many  SEPMs  are  mobile  animal  population  (MAP)  models  (Dunning  et  al.  1995) 
that  incorporate  information  about  the  dispersal  behavior  of  the  animal  under  study. 

These  can  be  used  to  examine  the  influences  that  selective  dispersal  rules  have  on 
population  dynamics. 

According  to  Dunning  et  al.  (1995),  SEPMs  can  also  be  classified  as  “individual- 
based”  or  “population-based”  models.  Individual-based  SEPMs  have  been  used  mainly  for 
studying  the  dynamics  of  large  animals  such  as  wolves,  Canus  lupus  (Lewis  & Murray 
1993).  Population-based  SEPMs  on  the  other  hand  are  particularly  useful  for  smaller 
organisms  such  as  insects.  Fahrig  and  Paloheimo  (1988)  for  example  used  a population- 
based  SEPM  to  examine  the  effect  of  spatial  arrangement  of  habitat  patches  on  the 
abundance  of  the  cabbage  butterfly  ( Pieris  rapae),  while  Hassell  et  al.  (1991)  and  Comins 
et  al.  (1992)  used  this  type  of  model  to  study  the  types  of  spatial  dynamics  that  could  arise 
through  insect  interaction  in  a two-dimensional  spatially  subdivided  environment  where 
species  movement  was  localized. 

Coupled  Map  Lattices 

The  coupling  of  subpopulations  in  CML  models  is  achieved  with  clearly  defined 
redistribution  rules.  Some  overlap  exist  between  SEPMs  and  CMLs  in  that  both  model 
spatial  populations  and  rules  for  coupling  subpopulations  are  clearly  stated.  Unlike 
SEPMs  however,  characteristics  relevant  to  each  habitat  unit,  and  as  such  to  each 
subpopulation  in  some  CMLs,  may  not  always  be  explicitly  known. 

Two  types  of  CMLs  are  important— locally  coupled  maps  (LCMs)  and  globally 
coupled  maps  (GCMs).  The  models  of  Hassell  et  al.  (1991)  and  Comins  et  al.  (1992) 
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mentioned  previously  as  examples  of  a population-based  SEPMs,  and  a modified  Hassell 
(1975)  model  (Bascompte  & Sole  1994)  can  all  be  considered  LCMs  since  the  locations  of 
subpopulations  in  the  spatial  systems  are  explicitly  stated,  and  only  neighboring 
subpopulations  are  linked  through  dispersal.  A one  species  two-dimensional  LCM  model 
may  be  represented  mathematically  by 


Yt+I  represents  the  population  in  the  following  generation  at  the  ij  location  in  the  spatial 
system,  f(Y,  (i,j))  is  the  species  growth  function  at  time  t at  the  same  location,  and  D is  the 
movement  rate  or  fraction  of  individuals  that  move  between  each  location  per  unit  time. 
Bascompte  and  Sole  (1994)  replaced  f(Y , (ij))  with  the  Hassell  (1975)  model  and  used 
their  model  to  study  the  effects  of  spatial  system  size  on  species  dynamics.  In  eqn  (2.1), 
dispersal  is  local  and  follows  rook’s  movement  rule  (connection  to  the  four  nearest  row 
and  column  cells  only). 

In  GCMs,  subpopulation  locations  are  not  always  specified,  and  more  importantly 
coupling  is  achieved  through  global  mixing  of  dispersing  individuals  from  each 
subpopulation.  So  for  example,  a GCM  version  of  eqn  (2.1)  is 


Yt+1(iJ)  =f(Yt(ij))  + DV2Yt{r) 


where 


(2.1), 


E imm 


K.fiJ)  = (1  -D)/(Y,(iJ))  * D 


X y 


x=y=  1,2,  ...,n 


(2.2), 
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In  this  case,  a fraction  ( D ) of  the  individuals  from  each  subpopulation  enters  a migrant 
pool  to  be  redistributed  evenly  amongst  all  subpopulations.  The  system  in  eqn  (2.2)  was 
formulated  by  considering  the  explicit  arrangement  of  subpopulations  in  the  system  on  a 
square  grid  with  equal  size  cells  (patches).  More  commonly,  GCMs  are  formulated 
without  giving  consideration  to  any  explicit  spatial  arrangement  but  instead  by  simply 
indexing  all  subpopulations  in  the  system  (Reeve  1990,  Hastings  1990,  Taylor  1990,  Alder 
1993,  Allen  et  al.  1993).  Therefore,  eqn  (2.2)  becomes 

E f(Yt<j)) 

ran  = (1  -D)/(T  (/))  + I)  -L , (y  = 1 , 2, . . . , w = subpopulations) 

n (2.3). 

In  this  case,  there  is  no  explicit  spatial  arrangement  for  subpopulations  in  the  system. 
Integrodifference  Equations  and  Discrete  Space  Counterparts 

These  models  have  found  applications  in  population  genetics  (Slatkin  1973,  Lui 
1989a,b),  ecology  (Kot  & Schaffer  1986,  Kot  1989,  Andersen  1991),  and  even  in  studying 
nerve  transmission  and  mollusc  shell  pattern  formation  (Murray  1989).  Some  very 
interesting  dynamics  have  also  been  observed  in  one-dimensional  systems  modeled  with 
IDEs  (Kot  & Schaffer  1986,  Kot  1989,  Hastings  & Higgins  1994,  Neubert  et  al.  1995). 
IDEs  can  be  considered  as  discrete-time  analogues  of  reaction-diffusion  equations,  and  are 
generally  used  to  model  populations  having  distinct  growth  and  dispersal  phases  and 
inhabiting  continuous  habitats  (Kot  1989,  Andersen  1991). 

Consider  a population  (Yt ) existing  in  one-dimensional  continuous  space,  where 
individuals  in  the  following  generation  ( Yt+, ) come  directly  from  individuals  produced 


during  the  sedentary  stage  of  the  previous  generation  and  redistributed  during  the 
dispersal  stage.  Mathematically,  the  result  is  an  IDE  of  the  form. 
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Yt+l(l)  = f K(l -x)f(Yt(x))dx 

J X 


(2.4), 


where  f(Y)  is  the  reproductive  function,  and  K,  the  dispersal  or  redistribution  kernel. 

K(l  - x)dx  is  the  probability  density  function  for  individuals  dispersing  from  the  point  x. 
IDEs  can  be  modified  for  simulating  spatial  systems  that  are  discrete  (a  spatial  grid)  by 
replacing  the  integral  with  a summation.  Therefore,  in  the  discrete  case  for  a one- 
dimensional space  of  n locations,  eqn  (2.4)  becomes 

- E *(/-*)/<  n(*»  (2.5), 

X=1 


with  K(l  - x)  now  the  probability  that  an  individual  will  move  during  dispersal  from  point  x 
to  point  /.  For  two-dimensional  systems,  eqns  (2.4)  and  (2.5)  are  rewritten  as 

Yt+l(l,m ) = f f K(l-x,m-y)f(Yl(x,y))dxdy  (a)  continuous  space 

J x J y 


r, .,(/,«)  = E E 

x = 1 y=  1 


(b)  discrete  space 


(2.6) 


K(l  - m,x -y)  is  the  probability  of  moving  from  x,y  to  l,m  across  two-dimensional  space. 
The  couplings  in  eqns  (2.6a)  and  (2.6b)  are  in  fact  mathematical  convolutions  that 
calculate  all  of  the  dispersal  (and  reproduction)  by  integrating  or  summing  over  the  whole 
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space  into  each  point  l,m.  If  this  is  done  for  all  l,m  points  in  the  spatial  system,  a density 
surface  (eqn  2.6a)  or  a matrix  of  densities  (eqn  2.6b)  is  obtained. 

Nicholson-Bailev  Model  Examined 

A nonspatial  discrete-time  predator-prey  or  host-parasitoid  model  can  be 
represented  by 


= G(Y„Z ,) 


(2.7) 


where  Y is  the  prey  (host) , Z the  predator  (parasitoid),  and  t is  time.  In  the  Nicholsonian 
type  models  three  assumptions  are  made  (Edelstein-Keshet  1988);  1)  parasitized  hosts  will 
give  rise  to  the  next  generation  of  parasitoids,  2)  unparasitized  hosts  will  give  rise  to  their 
own  progeny,  and  3)  the  rate  of  encounter  of  the  two  species  will  determine  the  fraction  of 
hosts  that  are  parasitized.  With  these  assumptions  eqn  (2.7)  becomes 


yt+ 1 = rYtf(Yt,Zt) 

Zt.\  = cYt{  1 ~ f(Y ,,Zt)) 


(2.8), 


where  Yt  and  Z,  are  host  and  parasitoid  densities  in  generation  t,  respectively,  r is  host 
reproductive  rate,/(T,  ,ZJ  is  the  fraction  of  hosts  not  parasitized,  and  c is  the  conversion 
rate  of  parasitized  hosts  into  parasitoids  or  the  average  number  of  viable  eggs  laid  per 
parasitized  host  (Hassell  1978). 

Nicholson-Bailey  (1935)  also  assumed  that  in  the  absence  of  the  parasitoid,  host 
population  increase  is  geometric  by  a factor  of  r (i.e.,  host  population  is  limited  solely  by 
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the  parasitoid),  and  that  parasitoids  search  independently  of  each  other  and  encounter 
hosts  at  random.  In  continuous  time,  the  rate  of  change  in  the  host  population,  dY/dt,  is 
proportional  to  the  product  of  host  and  parasitoid  densities.  Mathematically,  dY/dt  = -aYZ 
where  a is  area  of  discovery  which  is  a species-specific  parameter  representing  the 
searching  efficiency  or  effective  area  of  search  of  the  parasitoid.  The  number  of 
encounters  of  the  parasitoid  with  hosts  per  time  interval,  Ne  = aY ,Z„  appears  to  differ 
between  parasitoids  and  predators.  Parasitoids  can  usually  encounter  a single  host  several 
times  and  therefore  Ne  is  the  total  number  of  encounters  with  hosts  (whether  or  not  an  egg 
is  laid  on  each  encounter).  Predators  on  the  other  hand,  usually  remove  their  prey  as  they 
are  eaten  and  so  prevent  re-encounter  (Hassell  1978). 

Since  the  numbers  of  encounters  was  assumed  to  be  random,  then  the  probability 
of  a particular  host  not  being  attacked  was  assumed  to  be  the  zero  term  of  the  Poisson 
distribution  that  describes  the  occurrence  of  discrete  random  events.  In  the  Poisson 
distribution,  the  probability  of  k events  occurring  is 

m = (2.9) 

k\ 


where  y is  the  average  number  of  events  per  time  interval  and  in  this  case  is  equivalent  to 
Ne/Yf,  the  average  number  of  encounters  per  host  per  unit  time.  Since  Ne  = aYt  Z,  then  y 
can  be  replaced  by  a Yt  Z,  ZY,  which  is  equal  to  aZv  The  probability  of  escaping  parasitism 
is  the  same  as  the  probability  of  zero  encounters  during  the  host  lifetime,  i.e.,p(0)  is  equal 
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to  exp(-aZt).  This  represents  f(NnPt)  in  eqn  (2.8).  The  Nicholson-Bailey  model  can  now 
be  written  as 


r„,  = rY.^-aZ,) 

Z,„  = cV,(  1 - exp(-aZj)  'Z  10> 

Analysis  of  this  model  indicates  that  the  equilibrium  states  are  never  stable  and  that  any 
deviation  from  steady  state  in  prey  or  natural  enemy  leads  to  diverging  oscillations  and 
ultimate  extinction  in  the  system.  These  observations  will  be  explored  in  a subsequent 
study. 

The  Spatiotemporal  Insect  Model 

If  the  model  in  eqn  (2  .10)  is  modified  and  now  takes  on  a form  similar  to  that  of 
eqn  (2.6b),  it  becomes 

n n 

yt+  = E E KY(l-x,m-y ) rYt(x,y)ex.p(-aZt(x,y)) 

x=l  y = 1 

(211). 

Zt+i(l,m)  = it  it  Kz(l-x,m-y ) cYt(x,y)(  1 - exp (-aZt(x,y))) 

x=l  y= 1 

This  model  can  be  further  modified  to  include  population  age-structure  with  individuals  in 
each  age-class  having  distinct  survival  and  development  probabilities  at  each  time  step.  If 
for  example,  the  population  for  each  species  is  divided  into  three  age-classes  (egg, 
immature  and  adult),  individuals  in  each  age-class  undergo  partial  development  at  each 
time  step,  and  the  natural  enemy  can  attack  only  immature  prey,  eqn  (2.1 1)  becomes 
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™,-i  =R'+Sn{l  -Dyi)Ylt 

Y2t+ 1 = + Sn(l  - DY2 ) Y2t  exp (~aPt) 

Y3t+l  = SY2Dy2Y2lexv(-aPl)  + Sy3Y3t 

Zlf+1  = 72,(1  -exp(-O)  + Szl(l-Dzl)ZJt 
Z2(+i  - 5Z1Z)Z1  Z 1,  + SZ2(1  ~Y)Z2)  Z2t 
Z3,+i  - SztPzi  ^2t  + 

w/jm?  (212)‘ 

^,(^"0  = E E KAl~x»m~y)f(Y3t(x>y)) 

x=l  y=l 

(i redistributed  host  reproduction ) 

= E E Kz(l-x,m-y)Z3t(x,y )) 

X - 1 >>=1 

(i redistributed  natural  enemy) 


YJ,  Y2,  and  73  are  spatial  matrices  of  egg,  immature  and  adult  prey  densities,  while  Z/, 
Z2,  and  Z3  are  (overlaid)  matrices  of  natural  enemy  egg,  immature  and  adult  densities. 

SYI,  SY2,  SY3,  Sz„  SZ2  and  S23  are  proportions  representing  survival  of  each  age-class  during 
a timestep,  while  DY1,  DY2,  DZh  and  DZ2  are  proportions  representing  development  out  of 
each  age-class  during  a timestep.  The  proportion  of  individuals  not  developing  is  1 - D. 
Survival,  development,  and  natural  enemy  attack  (a)  could  of  course  be  functions  of 
climate  and  biotic  factors  (time-varying),  and  may  vary  with  location  (i.e.,  become  spatial 
matrices). 

Prey  reproduction 

The  function  f(Y3)  is  a general  function  for  prey  reproduction  that  can  be 


substituted  with  a number  of  specific  reproductive  functions  (see  for  example,  Cohen 
1995).  It  can  as  in  eqn  (2.10)  be  linear  where  r is  constant  and  f(Y3)  = rY3.  However,  if 
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reproduction  is  density-dependent  (non-linear),  then  f(Y3)  may  be  represented  by  a 
function  such  as  the  Ricker  function  (Ricker  1954)  which  at  each  l,m  location  is  equal  to 


where  exp(r)  is  the  egg  production  per  female  per  time  period,  k is  the  carrying  capacity  of 
the  host  resource,  and  Y3  the  adult  prey  density.  In  a heterogeneous  environment,  the 
extent  of  reproduction  may  be  specific  to  each  patch  and  therefore  r and  k in  eqn  (2. 13) 
would  also  be  site-specific.  These  parameters  could  therefore  become  spatial  matrices 
with  or  without  the  inclusion  of  environmental  forcing. 

Natural  enemy  attack  function 

Recall  that  in  the  Nicholson-Bailey  model,  the  probability  of  prey  escaping 
parasitism  is  given  by  exp(-aP,),  with  a the  per  capita  searching  efficiency  of  a natural 
enemy  that  searches  independently  and  randomly  within  each  patch.  Hassell  and  Varley 
(1969)  and  Hassell  and  May  (1973)  showed  that  a depends  on  factors  such  as  the  density 
of  the  predator.  The  relationship  between  this  parameter  and  the  predator  density  was 
described  as  inverse  linear  by  Hassell  and  Varley  (1969)  and  curvilinear  by  Beddington 
(1975).  If  the  inverse  linear  relationship  is  adopted,  a = QP  with  Q the  searching 
efficiency  of  one  individual  and  m (0  < m < 1)  the  mutual  interference  constant. 

Estimates  of  m in  laboratory  and  field  studies  are  given  in  Hassell  and  May  (1973).  Notice 
that  exp(-aPt)  can  be  replaced  with  a general  function,  g(P,,Y2t)  that  represents  a number 
of  parasitism  survival  functions.  A list  of  these  is  given  in  Hassell  and  May  (1973).  Like  r 


(2.13) 
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and  k,  parameter  a may  also  be  a spatial  matrix  representing  the  searching  efficiencies  of 
the  natural  enemy  in  a heterogeneous  environment. 

Dispersal  or  redistribution  kernels 

In  eqn  (2. 12),  Kr  and  Kz  are  the  dispersal  or  redistribution  kernels  for  the  prey  and 
natural  enemy,  respectively.  The  kernels  characterize  the  frequency  distributions  of 
dispersal  distances  for  each  species  and  their  form  can  be  determined  from  observed  data. 
Methods  for  doing  so  have  been  discussed  by  several  authors  including  Southwood  (1978) 
and  Silverman  (1986).  One  major  strength  of  IDE  models  is  the  fact  that  the 
redistribution  function  is  very  general  and  therefore  experiments  can  be  done  to  test 
different  hypotheses  concerning  dispersal  behavior. 

Neubert  et  al.  (1995)  give  a review  of  redistribution  kernels  in  one-dimensional 
predator-prey  systems.  In  a two-dimensional  map  with  a local  coupling,  the  degree  of 
coupling  drops  off  with  distance,  i.e.  the  probability  of  dispersing  to  patches  closer  to  the 
source  patch  is  greater  than  for  distant  patches.  It  is  possible  to  achieve  this  type  of 
“local”  coupling  with  a number  of  redistribution  kernels.  Kot  et  al.  (1996)  for  example, 
have  found  that  much  of  the  data  on  dispersal  patterns  suggest  leptokurtic  dispersal  with 
more  individuals  near  the  source  and  in  the  tails  than  would  be  expected  with  a normal 
distribution  of  equal  mean  and  variance.  Normal  redistribution  kernels  they  noted  also 
tended  to  underestimate  rates  of  spread.  The  normal  redistribution  kernel  is  however  a 
good  starting  assumption  for  many  invading  organisms  especially  if  one  assumes  that 
insect  dispersal  is  a random  process  (Rudd  & Gandour  1985,  Johnson  & Milne  1992).  If 
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normal  dispersal  patterns  are  considered  these  may  be  described  by  two-dimensional 
normal  density  functions  such  as 
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A symmetrical  redistribution  pattern  (Fig.  2-la)  is  generated  with  eqn  (2.14a),  while 
biased  redistribution  patterns  in  the  x and/or^  directions  can  be  obtained  with  eqn  (2. 14b) 
(Figs.  2-lb,c).  If  ox  = ay,  eqn  (2. 14b)  essentially  becomes  eqn  (2. 14a).  In  eqn  (2. 14c),  x 
and  y are  the  wind-shifted  coordinates  at  each  time  step  ( t ) that  result  from  a shift  ( vxt ) in 
the  x-direction,  and  a shift  (vy  t)  in  the  ^-direction  due  to  wind,  where  v*  and  vy  are  the  x 
and_y  components  of  wind  velocity  (Fig.  2-1  d).  The  standard  deviation  of  dispersal  per 
time  step,  o,  depends  on  the  insect,  the  habitat’s  extent  and  grain  (Wiens  1989),  and 
characteristics  of  the  host  resource  in  each  patch.  A highly  mobile  insect  may  have  a time- 
varying  a that  reaches  a maximum  near  host-plant  senescence. 

Other  types  of  two-dimensional  dispersal  patterns  have  been  considered.  These 
were  developed  specifically  to  describe  the  dispersal  patterns  of  B.  tabaci  and  B. 
argentifolii,  but  can  be  adapted  and  applied  to  other  insects.  Since  adult  whitefly 
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populations  consist  of  two  distinct  dispersal  morphs— a trivial  flying  morph  that  moves 
only  within  source  fields  and  a migratory  morph  that  takes  long  flights(  Byrne  & Houck 
1990,  Blackmer  & Byrne  1993a,b,  Byrne  et  al.  1996  ),  a bimodal  proportional  mix  of  two 
dispersal  density  functions  can  be  used  to  model  this  phenomenon,  that  is 


where  p is  the  proportion  of  trivial  fliers  in  the  source  field.  and  are  then 

dispersal  density  functions  for  the  trivial  flyers  and  migrators,  respectively.  Ktotal  is  the 
bimodal  proportional  sum  which  still  integrates  to  one  as  a probability  density  (Allen  et 
all 996)  (Fig.  2-2a). 

There  is  also  what  can  be  called  a "ripple"  function  (Fig.  2-2b)  that  generates  a 
repulsive  dispersal  pattern  analogous  to  a ripple  spreading  out  across  a water  surface 
(Allen  et  al.  1996).  Biologically,  this  function  implies  some  sort  of  repulsion  from  a 
source  patch  resulting  from  some  undesirable  condition  there  (e.g.,  high  density  or 
deteriorating  resources).  This  pattern  has  been  observed  for  at  least  one  insect  in  a natural 
system.  Cales  noacki,  a parasitoid  of  the  wooly  whitefly,  A/eurothrixus  floccosus 
(Maskell),  exhibited  this  type  of  dispersal  pattern  in  citrus  orchards  (Onillon  & Onillon 
1974).  The  ripple  density  function  is  written  as 


trivial 


+ (1  ~P)K 


migrator 
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where 
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r7i(' w(  7^))+^oexp(‘(7fc 

is  the  total  volume  under  the  distribution  that  forces  eqn  (2. 16)  to  integrate  to  one  when 
summed  over  its  entire  range  thus  making  it  a probability  density.  The  error  function 
given  by 


V = 7t  / 2 o 


erf{x)  = -p  f e-'2  dt  (2.18), 

V*  o 

is  commonly  available  in  many  simulation  packages  such  as  MATLAB®  (MathWorks 
1994).  In  Kripple,  r is  the  distance  from  the  center  (origin)  of  the  ripple  to  the  peak,  and 
O2  is  the  variance  of  the  corresponding  normal  density  cross-section  through  the  peak. 
These  parameters  allow  control  over  the  diameter  and  "spread"  of  the  ripple  density 
function. 

Solving  the  convolutions 

Directly  solving  the  double  summations  in  R,  and  P,  (eqn  2. 10)  for  each  location  in 
the  spatial  system  is  numerically  intensive.  These  couplings  (convolutions)  may  instead  be 
solved  in  a single  operation  using  the  Fourier  transforms  as  described  by  Andersen  (1991) 
for  a one-dimensional  model.  Using  the  simulation  package,  MATLAB®  (MathWorks 
1994),  the  convolution  of  KY3  with  f(Y3)  at  every  location  in  the  two-dimensional  system 
can  be  solved  in  one  step,  as  follows: 
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Rt  = E ibKY3(l’m’x’y)f(nt(x’y)) 

= IFFT2[FFT2(Kn)FFT2(f(Y3t))]  (2  19) 

That  is,  the  two-dimensional  discrete  fast  Fourier  transforms  (FFT2)  of  Kn  and  f(Y3)  are 
multiplied  together  (element-by-element)  where  K and  f(Y3)  are  matrices,  and  inverted 
with  IFFT2  back  to  the  spatial  domain.  The  result,  R„  is  a single  matrix  of  dispersed  host 
egg  densities.  Similarly  for  P, , the  result  is  a single  matrix  of  dispersed  natural  enemy 
adults  (ZJ). 

Certain  peculiarities  of  the  Fourier  transform  must  be  pointed  out.  The  transform 
is  most  efficient  on  systems  that  are  powers  of  two.  It  is  best  therefore  to  construct  the 
system  as  a spatial  matrix  with  2h  x 2h  spatial  locations.  In  addition,  the  Fourier  transform 
“wraps”  on  itself  (is  periodic)  (Andersen  1991)  as  if  insects  leaving  one  side  of  the  grid 
reentered  on  the  other.  To  avoid  this  unrealistic  scenario,  the  spatial  (//  x n)  matrix  can  be 
embedded  in  the  center  of  a 2n  x 2n  matrix  of  zeros  before  doing  the  transforms,  thereby 
producing  an  absorbing  boundary  from  which  insects  do  not  return. 

The  Fourier  transform  also  assumes  that  parameters  are  spatially  invariant  which  is 
not  true  in  a spatially-varying  resource  system.  To  circumvent  this  problem  in  the 
heterogenous  system,  the  transforms  can  be  applied  one-at-a-time  for  each  resource  and 
the  results  summed.  Implicit  in  this  is  that  the  insects  in  one  resource  are  not  influenced 
by  another.  An  efficient  alternative  is  to  construct  an  emigration  probability  matrix  (EPM) 
for  each  species  in  the  system  based  on  the  probability  of  leaving  each  resource.  During 
each  time  step,  the  EPM  is  applied  to  the  insect’s  spatial  density  matrix  to  create  an 
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emigrant  density  matrix  (EDM).  Since  the  EDM  is  now  considered  to  be  constant  within 
each  time  step,  a single  dispersal  kernel  may  be  applied  to  redistribute  individuals  in  this 
matrix  over  the  entire  spatial  system.  Therefore,  if  the  system  contained  N resources,  then 
instead  of  having  to  apply  the  Fourier  transform  pair  N times  within  each  timestep,  these 
are  now  be  applied  once.  This  results  in  significant  savings  in  computation  time.  Notice 
that  the  EPM  can  be  a matrix  of  probabilities  forced  by  the  environment  with  the  degree 
and  type  of  forcing  dependent  on  the  state  of  the  resource  at  each  location. 

The  Resource  Map 

Although  the  insect’s  habitat  and  the  resources  therein  are  not  shown  explicitly  in 
eqn  (2. 12),  they  are  characterized  by  a similar  spatial  matrix,  X,  whose  entries  are  integers 
representing  the  resources  at  every  l,m  location  in  a region.  This  resource  matrix  or  map 
can  be  used  by  the  model  in  two  basic  ways.  Each  integer  (/')  in  the  resource  map  can 
serve  as  the  index  to  model  parameters  so  that  if X(l,m)  = i,  then  i is  an  index  to  prey  and 
natural  enemy  parameters  on  resource  / at  location  l,m.  Parameter  values  relevant  to  each 
resource  are  then  stored  in  a parameter  look-up  table  with  row  numbers  corresponding  to 
resources  and  columns  to  paramters.  Alternatively,  the  resource  matrix  can  be  used  to 
create  individual  parameter  matrices  for  each  parameter  (survival,  reproduction, 
development,  natural  enemy  attack)  in  eqn  (2. 12).  Methods  for  constructing  resource 
maps  will  vary  and  depend  on  the  size  of  the  system.  Discussion  on  the  construction  of 


these  maps  will  be  given  later. 
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Discussion 

The  scale  at  which  studies  are  conducted  can  have  a significant  effect  on  dynamical 
patterns  that  are  observed  (Weins  1989).  There  is  no  natural  scale  at  which  to  study 
ecological  phenomenon  (Levin  1 992)  and  therefore  having  the  ability  to  study  spatial 
systems  efficiently  at  any  scale  is  important.  In  the  past,  ecologists,  and  in  particular  insect 
ecologists,  have  focused  on  small-scale  questions  amenable  to  experimental  studies  and 
have  largely  ignored  large-scale  processes  which  many  feel  are  likely  to  be  responsible  for 
the  patterns  observed  at  larger  spatial  scales  (Dayton  & Tegner  1984).  Field  experiments 
observe  the  environment  at  a limited  range  of  scales  and  therefore  only  provide  what 
Levin  (1992  p.1945)  saw  as  a “low-dimensional  slice  through  a high-dimensional  cake”. 
Modeling  can  make  up  for  some  of  the  deficiencies  in  field  experimentation  and  can  play  a 
powerful  role  in  suggesting  possible  mechanisms  and  experiments,  in  exploring  the 
possible  consequences  of  individual  factors  that  cannot  be  separated  easily  experimentally, 
and  by  allowing  us  to  observe  dynamical  patterns  in  a system  at  a various  spatial  scales.. 

The  model  that  was  described  is  quite  general  and  can  be  adapted  for  studying  the 
spatiotemporal  dynamics  of  a number  of  insects.  The  number  of  age-classes  can  be 
increased  by  adding  a pre-oviposition  adult  age-class,  natural  enemy  could  be  made  to 
attack  more  than  one  prey  age-class,  and  multi-stage  dispersal  can  be  included.  Since  the 
redistribution  kernel,  K,  is  general,  it  can  represent  any  dispersal  process  and  this  gives  us 
the  ability  to  test  hypotheses  about  how  dispersal  impacts  spatial  dynamics. 

Characteristics  of  an  organism’s  habitat  are  known  to  influence  its  dynamics 
(Fahrig  1988,  Levin  1992).  In  the  insect  model  in  eqn  (2.12),  these  characteristics  are 
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defined  with  the  resource  map  and  therefore  changes  to  the  map  will  result  in  changes  in 
population  dynamics  of  the  insect.  This  map  can  be  altered  simply  by  changing  resource 
types  altogether  or  by  changing  the  arrangement  of  resources  in  time  and  space.  Some 
realism  can  therefore  be  included  into  the  model  and  experiments  can  be  done  with 
different  spatiotemporal  habitat  arrangements.  This  type  of  experimentation  has  proven 
very  useful  in  improving  the  understanding  and  knowledge  of  species-habitat  interactions 
(Dunning  et  al.  1995,  Turner  et  al.  1995,  Conroy  et  al.  1995,  Holt  et  al.  1995). 

Models  for  examining  the  effects  of  spatial  arrangement  of  habitat  patches  on  an 
organism’s  dynamics  were  categorized  by  Fahrig  (1988)  into  three  basic  types-grid, 
dispersal-pool  and  dispersal-corridor  models.  Grid  models  were  criticized  because  Fahrig 
(1988  p.56)  felt  that  it  would  be  “expensive  and  time-consuming”  to  examine  the  wide 
range  of  spatial  arrangements  possible  with  these  models.  The  rapid  growth  of  cheap  fast 
computer  hardware,  and  the  sophistication  of  simulation  software  has  already  reduced  this 
argument  considerably.  Large  grid  systems  (greater  than  100  x 100  cells)  can  now  be 
simulated  quite  easily  using  an  IBM  compatible  Pentium  PC  and  simulation  package  like 
MATLAB®  (Mathworks  1994).  Additionally,  faster  simulation  times  are  obtained  with 
the  model  by  implementing  some  of  the  time-saving  strategies  that  were  discussed  (i.e., 
IDEs  and  Fourier  transforms).  Spatial  movement  in  an  tr  discrete  system  can  be  solved 
efficiently  in  one  calculation  rather  than  doing  ni2  xti2  individual  calculations  by  using  IDEs 
to  couple  this  process  with  reproduction  and  by  applying  Fourier  transforms.  In  a multi- 
crop system,  the  EPM  formulation  along  with  a single  dispersal  kernel  can  further  improve 
the  computational  efficiency  of  the  model. 
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Finally,  the  need  to  visualize  the  spatiotemporal  model  output  was  emphasized  by 
Turner  et  al.  (1995),  and  this  problem  is  not  a trivial  one  due  to  the  shear  complexity  of 
the  data.  In  MATLAB®  (Mathworks  1994),  the  spatiotemporal  model  output  of  the 
system  can  be  visualized  as  a time-varying  color-coded  density  matrix  that  is  simply 
displayed  as  an  iterative  screen  image  during  simulations.  In  addition,  to  better  visualize 
these  spatial  dynamics,  spatiotemporal  “movies”  made  during  simulation  can  be  played 
back  later  at  high  speed. 


Dispersal  Pattern  Dispersal  Pattern 
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Fig.  2-1. 


Redistribution  kernels  generated  from  two-dimensional  normal  density 
functions,  (a)  symmetric  redistribution;  (b)  and  (c  ),  direction-biased 
redistribution;  (d),  wind  blown  redistribution  kernel  from  (a) 
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Fig.  2-2. 


Dispersal  patterns  for  whiteflies.  (a)  bimodal  redistribution  showing  the 
dispersal  patterns  for  trivial  fliers  and  migrators  (b)  a repulsive  dispersal 
pattern  or  ripple  density  function. 


CHAPTER  3 

EQUILIBRIUM,  STABILITY  AND  CHAOS  IN  DISCRETE-TIME 
MODELS  OF  INSECT  SPECIES  INTERACTIONS 

Introduction 

Equilibrium  and  stability  are  important  in  many  biological  systems.  Organisms 
usually  attempt  to  maintain  their  external  and  internal  environments  at  or  near  steady-state 
or  equilibrium  levels  necessary  for  their  survival.  The  temperature  regulating  mechanism 
for  example,  restricts  the  animal’s  body  temperature  within  some  optimum  temperature 
range  required  for  many  physiological  processes.  Operating  within  the  realm  of  unique 
equilibrium  states  therefore  is  extremely  important  for  the  system’s  continued  existence. 

Not  all  steady-state  conditions  are  necessarily  good  for  a system.  Death  for 
example,  is  one  steady-state  from  which  it  is  impossible  for  organisms  to  recover,  and  is 
not  unlike  zero  population  or  extinction  for  a species.  Such  zero  equilibrium  states  are 
considered  uninteresting  or  trivial  in  dynamical  studies.  Greater  emphasis  is  placed  on 
nonzero  equilibrium  since  knowledge  of  factors  that  could  drive  a system  to  and  away 
from  these  conditions  is  important  in  gaining  complete  understanding  of  the  system’s 
behavior. 

Although  disputed,  it  is  the  belief  of  some  that  the  size  of  most  natural  populations 
generally  remains  constant  through  time  or  fluctuates  around  some  equilibrium  state  or 
average  level  of  abundance  (Maynard  Smith  1968,  Hassell  & Waage  1984).  If  this  is  true. 
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then  it  is  the  stability  of  these  equilibrium  states  that  determines  this.  Steady-states  can 
either  be  stable  (if  neighboring  states  are  attracted  to  them)  or  unstable  (if  neighboring 
states  are  not  attracted  to  them)  (Edelstein-Keshet  1988).  Steady-state  stability  however 
does  not  necessarily  imply  population  stability,  and  this  distinction  must  be  made.  The 
stability  of  steady-states  (mathematical  stability)  pertains  to  the  ability  of  a system  to 
return  to  its  steady-states  after  being  perturbed.  Population  stability  (dynamical  stability 
or  persistence)  on  the  other  hand  reflects  on  the  ability  of  a system  to  persist.  A system 
can  have  unstable  steady-states  but  under  certain  conditions  is  able  to  persist. 

Mathematical  stability  and  persistence  over  time  and  space  have  been  the  focus  of 
investigation  by  theoretical  and  experimental  ecologists  particularly  those  interested  in  the 
dynamics  of  interacting  species  (Hassell  & May  1973,  Allen  1975,  Hassell  et  al.  1991, 
Alder  1993,  Dennis  et  al.  1995).  It  has  been  argued  for  instance  that  isolated  host-natural 
enemy  systems  that  are  locally  unstable  cannot  always  be  stabilized  by  coupling  identical 
populations  since  these  essentially  acted  like  a single-patch  system  (Allen  1975,  Reeve 
1988,1990).  In  fact,  such  couplings  through  dispersal  have  been  shown  to  have  either  no 
effect  or  a detrimental  effect  on  population  stability  (Reeve  1990).  For  persistence  it  was 
suggested  that  asynchrony  among  subpopulations  in  the  system  needed  to  be  maintained  in 
a manner  that  could  buffer  external  perturbations.  Mechanisms  have  been  proposed  for 
maintaining  asynchrony  and  these  included  the  creation  of  temporal  and  spatial 
heterogeneity  in  the  system  (Taylor  1988).  Spatial  heterogeneity  however  is  not  a 
prerequisite  for  persistence  as  was  clearly  demonstrated  by  Hassell  et  al.  (1991)  and 


Comins  et  al.  (1992). 
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The  discussion  above  focused  on  stability  and  persistence  in  systems  of  insect 
species  interaction  where  spatial  movement  was  carried  out  with  local  coupling  rules  such 
as  queen’s  move.  This  chapter  carries  the  discussion  further.  First,  equilibrium,  stability, 
and  persistence  in  discrete  systems  are  re-examined  and  the  criteria  for  stability  of  the 
steady-states  for  some  systems  are  presented.  Next,  the  effects  of  dispersal  on  stability 
and  persistence  in  integrodifference  equation  (IDE)  systems  are  developed  and  discussed. 
In  this  discussion,  the  Jury  conditions  for  stability  in  these  systems  are  restated  and  is 
newly  developed  for  one  particular  system.  The  dynamics  of  species  interaction  in  system 
that  use  IDEs  are  then  compared  with  those  that  use  more  traditional  types  of  local 
coupling  procedures  to  model  dispersal.  To  this  end,  dynamical  studies  are  conducted  on 
two-dimensional  systems  to  highlight  the  range  of  dynamics  possible  with  IDE  systems. 

Equilibrium  and  Stability  in  Nonspatial  Discrete-Time  Systems 
Single  Species  First-Order  Difference  Equations 

A first-order  discrete-time  population  system  can  in  general  be  represented  by 

Y^=AY,)  (3.1) 


Equilibrium  in  eqn  (3.1)  requires  that  no  change  occurs  in  the  population  during  the  time 
period  t and  t+J,  so  that 
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yt+ 1 - y,  = r=/(f) 

where 

Y = steady -state  ( equilibrium ) population 


(3.2) 


Stability  of  the  steady-state  can  be  assessed  by  considering  a small  perturbation  ( y, ) close 
to  <Y,  and  determining  if  this  quantity  moves  towards  or  away  from  Y.  That  is,  it  is 
important  to  consider  whether  y,  gets  bigger  or  smaller.  To  do  this,  the  system  is 
linearized  about  its  steady-state  by  approximating  the  value  of  the  perturbed  population 
f(?  + yt)  using  Taylor  series  expansion  (Edelstein-Keshet  1988).  The  linearization 
precess  leads  to  the  following  expansion, 


Yt+l  =f(Y)  + 


dY 


Yt~Y  + ( very  small  terms ) 


or 


Yf+i  - Y + 


dY 


y,-y 


(3.3) 


so  that 


Y - Y - 

•'r+i  1 


/ 

df 

\ 

[dY 

T 

Y,-y 


Letting yt  = Yt-  eqn  (3.3)  can  be  rewritten  as 
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df 

y dY 

yt+ 1 = xyt 


( 

\ 

where  X = 

df 

K dY 

(3.4) 


The  necessary  and  sufficient  condition  for  Y to  be  a stable  steady-state  of  this  system  is 
that  the  modulus  or  absolute  value  of  X be  less  than  one  ( |A|  < 1)  which  would  indicate 
that  the  solution  in  eqn  (3.4)  (the  deviation  from  equilibrium  with  time)  is  becoming 
smaller. 

Systems  of  Two  and  Three  First-Order  Difference  Equations 

In  discrete  time,  two  interacting  populations  may  be  related  in  some  nonlinear 
manner  by  a system  of  two  first-order  difference  equations  such  as 


^i  =/(«) 

Z,+1  = SiYt,Zt) 

with  the  steady-state  values  given  by 

A. 

Yt+l  = Y = f(Y,Z) 


(3.5) 


Zf+1  = Z = g(Y,Z) 


(3.6) 


69 

Again,  if  small  perturbations  (y, , z, ) from  the  steady  states  are  considered,  the  Taylor 
series  expansion  results  in 


+ 1 = ^ + 


df 

Y-Y  + 

M. 

Z-Z  + 

dY 

t 

K az 

f,z; 

t 

\ 

( 

dg 

Y-Y  + 

dg 

z -z  + 

dr 

f,z 

t 

, dz 

f,z; 

t 

(3.7) 


Eqn  (3.7)  can  be  rewritten  to  correspond  to  eqn  (3.4),  and  therefore 


1 = an  y,  + ai2z'r 
= a2lTf  + «22Zr 

where 


/ \ / \ 


df 

n — 

5/ 

dY 

f,z 

’ C,12 

v az 

f.z, 

\ 

( 

\ 

dg 

Cl  = 

dg 

dY 

f,z; 

’ u22 

y dz 

f,zy 

(3.8) 


(3.9) 


The  connection  between  eqns  (3.8)  and  (3.9),  and  eqn  (3.4)  becomes  clearer  by  using 
matrix  notation,  i.e., 


and 
A = 


Avt 


an 

a\2 

°2\ 

a22/ 

> V~f  = 

^ 

(3.10) 
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A is  the  Jacobian  or  community  matrix  of  the  system.  The  characteristic  equation  of  A 
can  be  derived  by  setting  det(A  - Al)  = 0,  where  det  is  the  determinant,  I is  an  identity 
matrix,  and  An  the  roots  or  eigenvalues  of  A.  For  an  //th-order  system  there  are  n roots 
The  characteristic  equation  for  the  system  in  eqn  (3.5)  turns  out  to  be 


C(A)  = A2  - PA  + y = 0 

where 

P = an  + a22  ( trace  of  A)  (3-H) 

Y = cina22  - ana2X  {determinant  of  A) 

Again,  the  necessary  and  sufficient  condition  for  stability  are  for  the  roots  of  C(A  ) to  be  of 
modulus  less  than  unity  or  to  lie  inside  the  unit  circle. 

In  second-  and  third-order  systems,  explicit  computation  of  the  eigenvalues  are  not 
always  required  since  one  may  employ  the  criteria  of  Schur-Cohen  that  have  been 
simplified  and  restated  by  May  (1974).  For  a second-order  system  it  is  only  necessary 
(and  sufficient)  that 


2>1+y>IPI  (3.12) 

for  the  roots  of  the  system  to  lie  within  the  unit  circle.  As  an  example,  consider  the 
Nicholson-Bailey  (NB)  model  used  as  the  basis  for  the  spatiotemporal  model  described  in 
eqn  (2.12).  For  convenience,  this  model  is  restated  here  as 


Yt+l  = rYtexp(-aZ') 

zl+ 1 = cYf  1 - exp(-aZf)) 


(3.13) 
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The  stability  of  the  steady-states  in  eqn  (3.13)  was  determined  using  the  symbolic 
mathematical  software,  Maple  V (Waterloo  Maple  Inc.,  Canada),  and  is  presented  in 
Appendix  (1.1a).  Examination  of  the  non-zero  equilibrium  reveal  that  r cannot  be  one 
since  this  would  lead  to  the  equilibrium  states  Y = Z = 0.  In  fact,  to  satisfy  the  stability 
conditions  given  in  eqn  (3.12),  1 > r > 1,  which  is  clearly  impossible.  The  steady-states  in 
this  model  are  therefore  never  stable.  Small  deviations  of  any  species  from  equilibrium 
leads  to  diverging  oscillations  in  the  system. 

Similar  rules  have  been  discussed  by  May  (1974)  for  third-order  systems  having 
characteristic  equations, 

X3  + aX2  + bX  + c (3.14). 

The  necessary  and  sufficient  conditions  for  |A|  < 1 in  these  systems  are 

1 - c2  > \ac  - b\  and  |1  + b\  > \a  + c\  (3-15). 

Systems  of  Order  Greater  than  Three 

Determination  of  stability  of  steady-states  in  systems  of  order  greater  than  three  is 
slightly  more  involved  than  has  been  described  for  lower-order  systems.  Like  lower-order 
systems  however,  stability  in  higher-order  systems  depends  on  whether  or  not  the  roots  of 
the  characteristic  equation  of  the  system  lie  inside  the  unit  circle. 

The  characteristic  equation  for  any  linear  system  is  generally  given  as 

C(K)  = itak  Xk>  an>0 

k = 0 


(3.16). 
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Thus,  the  characteristic  equations  for  a second-  and  third-order  systems  already  discussed 
may  be  rewritten 

C(\2)  = a2\2  + fljA  + a0,  a2>  0 (a) 

(3.17). 

C(A3)  = a3X3  + a2  A2  + + a0,  a3>0  ( b ) 

Similarities  between  eqn  (3.11)  and  eqn  (3.17a)  are  clear.  In  eqn  (3.1 1),  a2  = 1,  aI  = -/?, 
and  ar0  = y. 

Several  methods  are  available  for  determining  whether  the  roots  of  C(An  ) for 
higher-order  systems  lie  inside  the  unit  circle  (the  necessary  and  sufficient  condition  for 
stablity).  Two  of  the  more  common  and  related  approches  that  are  frequently  referred  to 
as  the  Jury  Tests  (Jury  1 964,  1971,  1 974)  are  the  Inner s or  Determinant  approach  and  the 
Table  approach.  In  the  Inners  approach,  successive  simple  matrices  are  constructed  from 
the  coefficients  of  C(An ),  and  the  determinants  of  these  matrices  evaluated.  In  the  Table 
approach,  a simple  table  of  the  coefficients  of  C(A,n ) is  constructed,  and  the  relative 
magnitudes  of  the  entries  in  this  table  evaluated.  Only  the  Inners  approach  is  described 
here  since  this  approach  will  be  used  throughout  the  remainder  of  this  study  for 
determining  the  stability  of  steady-states.  Much  broader  treatment  with  examples  using 
both  approaches  are  given  in  Jury  (1964,  1971,  1974),  Lewis  (1977)  and  Edelstein-Keshet 
(1988). 

To  demonstrate  the  use  of  this  approach,  a fourth-order  system  is  considered.  The 
characteristic  equation  for  this  system  is  the  fourth-degree  polynomial, 


73 


C(X4)  = a4X4  + a3X3  + a2X 2 + a,  A + a0,  a4>  0 (3.18) 


The  first  step  in  developing  the  criteria  for  stability  of  steady-states  for  this  system  is  to 
construct  two  matrices  (Wn , a right  upper  triangular,  and  Xn  a left  upper  triangular)  from 
the  coefficients  in  C(An).  For  the  system  in  eqn  (3.18)  these  matrices  are 


«4 

«3 

«2 

ax 

«0 

«4 

«3 

a2 

al 

«o 

0 

«4 

«3 

«2 

"l 

«3 

«2 

«1 

«o 

0 

0 

0 

«4 

"3 

«2 

= 

U2 

ao 

0 

0 

0 

0 

0 

«4 

a3 

«0 

0 

0 

0 

1 

o 

0 

0 

0 

«4 

«0 

0 

0 

0 

0 

(3.19) 


Next,  two  matrices  based  on  ( Wn  ± X„ ) are  constructed.  For  convenience,  these  are 
presented  here  as  a single  matrix, 


a4±a4 

a2±a2 

a0±a{ 

±a3 

a4±a2 

a3±ax 

fl2±a0 

ax± 

±(l2 

±ai 

a4±a0 

fl3± 

a2± 

±ax 

±«0 

0 

a3± 

±a0 

0 

0 

0 

a4± 

(3.20) 


Properties  of  the  determinants  of  the  inners  of  ( Wn  ± Xn ) determine  the  stability  of  the 
steady-states  in  this  system.  For  «-even  matrices,  the  number  of  inners  is  n 12  so  that  from 
eqn  (3.20)  both  the  ‘positive’  and  ‘negative’  matrices  contain  two  inners.  These  are 
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designated  Ik  with  k=  1,3,5,...,  //-I  being  the  dimension  of  successive  inners.  In  the  above 
case  the  inners  are 


a4±a2 

fl3±«, 

fl2±fl0 

h = 1 [ fl4±rto]  ’ 

w 

II 

fl4±a0 

fl3± 

±«0 

0 

«4± 

(3.21) 


The  number  of  inners  in  //-odd  systems  larger  than  or  equal  to  three  is  (//  - l)/2  with 
k = 2,4,6,...,  //- 1 . The  necessary  and  sufficient  conditions  for  the  roots  of  the 
characteristic  equation  C(An ) to  lie  inside  the  unit  circle  therefore  depend  on  whether  the 
system  is  //-even  or  //-odd.  These  conditions  are  summarized  from  Jury  (1974)  and  are 

n-even 

C(l)  > 0,  C(-l)  > 0 

det ( Wk  ± Xk)  are  positive  innerwise, 

n-odd 

C(l)  > 0,  C(-l)  < 0 

det ( IV k ± Xk)  are  positive  innerwise, 

A matrix  is  positive  innerwise  if  the  determinants  of  all  its  inners  as  well  as  of  the  matrix 
itself  are  positive.  Complete  analysis  on  the  stability  for  the  system  in  eqn  (3.18)  is  given 
in  Appendix  (1.2).  Specifically,  the  necessary  and  sufficient  conditions  for  the  roots  of 
this  system  to  lie  inside  the  unit  circle  are 


k = l,3,5,...,/z-l 

(3.22) 

k = 2,4,6,...,//-! 
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a4  + a3  + a2  + ax  + a0  > 0 

ci4  - a3  + a2  - ax  + a0  > 0 

a4  + a0  > 0 

a4  - a0>  0 

(3.23) 

a43  + a0a42  + a2a42  - a{a4a3  - a2a4  + ci^a2  + aQaial  - 

- a2a02  - a02a4  - a03  > 0 

a43  - a0a42  - a2a2  + 2 a4a2a0  + axa4a3  - a2a4  - a{)a2  - 

+ - a2ao  ~ ao2°4  + tf03  > ® 


Two  worked  examples  are  also  given  (Appendix  1.3a,b)  using  the  Inners  approach  on 
systems  having  fourth-degree  polynomials, 


C(A4)  = A4  - A3  + 9X2  - IX  + 2 (a) 

C(X4)  = X4  + 0.8A3  + 0.55  A2  + 0.4A  + 0.12  (b) 


(3.24) 


to  demonstrate  this  approach  on  an  unstable  (eqn  3.24a)  and  stable  (eqn  3.24b)  system.  It 
may  be  noted  that  it  is  not  always  necessary  to  apply  the  Inners  method  in  attempting  to 
evaluate  the  stability  of  systems  of  this  type.  The  coefficients  in  eqn  (3.24a,b)  were 
deliberately  chosen  to  indicate  the  ease  with  which  stability  of  some  systems  may  be 
determined  by  simply  examining  the  relative  magnitudes  of  the  coefficients  in  the 
characteristic  equation.  If  the  coefficients  satisfy  the  conditions  that 


1 


(3.25) 
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then  all  the  roots  of  this  system  lie  within  the  unit  circle,  and  the  system  is  stable  (Jury, 
1964).  Since  in  eqn  (3.24b)  1 > 0.8  > 0.55  > 0.4  > 0.12  > 0,  the  steady-states  for  this 
system  are  determined  to  be  stable  without  resorting  to  the  Inners  test.  Note  however 
that  these  are  sufficient  but  not  necessary  conditions  for  stability  since  in  cases  where  eqn 
(3.25)  does  not  hold,  the  steady-states  of  a system  may  still  be  stable. 

A connection  can  now  be  made  between  the  criteria  for  stability  in  a second-order 
system  stated  in  eqn  (3.12)  and  the  criteria  established  by  the  Inners  approach  for  the 
same  system.  The  stability  criteria  established  by  the  Inners  approach  for  a second-order 
system  are 


C(l)  > 0,  C(-l)  > 0 

ao  ~ a2  < 0 


(3.26) 


The  criterion  a0  -a2<  0 is  equivalent  to  (2  > 1 + y)  in  eqn  (3.12)  where  a2  = 1 and  a0  = y. 
The  criteria  given  in  eqn  (3.26)  can  also  be  stated  directly  in  terms  of  the  determinant  and 
trace  of  the  Jacobian  as  was  done  by  Kot  (1989)  and  Neubert  et  al.  (1995),  i.e., 

1 - trA  + det  A > 0, 

1 + tr  A + det  A>0,  (3.27) 

1 - det  A > 0 


where  tr  is  the  trace  of  the  Jacobian  A,  and  det  the  determinant. 
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Nonspatial  Age- Structured  Systems  of  Interacting  Species 

A nonspatial  form  of  the  age-structured  prey-natural  enemy  model  described  in  eqn 
(2. 12)  is  now  considered,  and  the  stability  of  its  steady  states  determined  using  the  Inners 
approach  just  described.  The  characteristic  equation  for  this  system  is  a sixth-degree 
polynomial,  and  therefore  the  stability  criteria  for  a general  sixth-order  system  were  first 
derived  and  are  presented  in  Appendix  (1.4).  Although  the  criteria  are  rather  long  and 
messy,  considerable  reduction  can  take  place  after  substituting  actual  values  for  the 
coefficients. 

Attempts  to  obtain  closed-form  equilibrium  solutions  for  a non-spatial  version  of 
the  model  in  eqn  (2.12)  proved  difficult  since  the  solutions  were  rather  awkward  and  quite 
difficult  to  interpret.  This  was  not  surprising  because  of  the  strong  nonlinearities  in  the 
system  introduced  through  the  reproductive  and  predation  survival  functions.  To  obtain  a 
complete  analytical  description  for  equilibrium  and  stability  for  this  type  of  system, 
simplification  by  removal  of  some  nonlinearities  was  necessary.  After  some  manipulation, 
the  simplest  non-spatial  model  that  retained  many  of  the  original  ideas  in  the  non-spatial 
form  of  the  model  in  eqn  (2. 12)  was 

«r- 1 = rY3t 
rc,+1  = SYJ1, 
n(  + 1 = Sy2Y2texp(-aZ3t) 

Z1r+i  = Y2'(l-exp(-aZ3t)) 

Z2(  + 1 - SzlZl, 

Z3_  = S77Z2, 


(3.28) 
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In  this  simplified  system,  an  exponential  or  geometric  reproductive  function  replaces  the 
density-dependent  Ricker  type  function  from  eqn  (2.12),  and  survival  and  development  are 
given  by  a single  parameter,  S.  Exponential  population  growth  is  not  an  unreasonable 
starting  assumption  for  insects  such  as  whiteflies  that  have  been  known  to  exhibit  this  type 
of  growth  under  certain  field  conditions  (Zalom  et  al.  1985).  Closer  examination  would 
indicate  that  eqn  (3.28)  is  simply  a non-spatial  age-structured  form  of  the  Nicholson- 
Bailey  model  in  eqn  (3.13). 

Analysis  of  the  model  in  eqn  (3.28),  showed  that  the  system  possessed  several 
closed-form  non-negative  equilibrium  solutions  and  had  a characteristic  polynomial, 


( ( 
1 + In 


X6 


1 


r Syj  Sy2  J 


rSY,SY2 


In 


r ^Yi  $Y2  1 


A3 


1 


rSYiSY2 


r $Y1  $ Y2 


(3.29) 


/*  S Y j S Y2  1 


(see  Appendix  1.5a,b).  Several  things  were  immediately  clear  from  these  analyses.  The 
combined  parameters  (r  Sn  Sy2 ) cannot  be  less  than  or  equal  to  1 since  this  would  result  in 
zero  or  negative  equilibrium  states  (Appendix  1.5).  This  is  not  unlike  the  non  age- 
structured  NB  model  where  stability  depends  on  the  prey’s  reproductive  capacity,  r.  Also, 
if  the  stability  criteria  stated  in  eqn  (3.25)  are  applied  to  eqn  (3.29),  then  it  is  strongly 
suspected  that  the  steady-states  of  this  system  will  be  unstable.  Since  (r  Syi  Sy2)  had  to  be 
greater  than  1 , and  SYI  and  S„  between  0 and  1,  these  limits  were  used  in  evaluating  the 
stablity  of  the  system  using  the  Imiers  criteria.  Based  on  this,  the  steady-states  in  this 
system  were  determined  to  be  unstable. 
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Instability  of  steady-states  were  also  confirmed  by  substituting  actual  values  for  r, 
Sy„  and  and  other  parameters  in  the  model.  If  Y in  eqn  (3.28)  is  assumed  to  be  the 
greenhouse  whitefly,  Trialeurodes  vaporariorum , and  Z one  of  its  natural  enemies,  say, 
Encarsia  formosa,  then  parameter  values  obtained  from  the  literature  for  these  insects  on 
tomato  could  be  incorporated  into  eqn  (3.28)  and  the  stability  of  steady-states  determined 
based  on  these  parameters.  These  insects  were  chosen  because  biological  parameters  on 
both  species  could  conveniently  be  obtained  from  a single  source  (i.e.  van  Roermund  & 
van  Lenteren  1992).  Table  3-1  gives  parameter  values  used  in  the  system  in  eqn  (3.28)  for 
these  two  insects.  Stability  analysis  on  the  model  with  these  values  indicated  that  the 
system  is  unstable.  Inclusion  of  age-structure  in  the  basic  Nicholson-Bailey  model 
therefore  does  not  seem  to  affect  the  stability  of  the  steady-states  of  that  system. 

Stabilizing  an  Unstable  System:  Model  Modification 
The  NB  model  in  eqn  (3. 13)  is  both  mathematically  and  dynamically  unstable  since 
populations  never  return  to  their  steady-states  after  even  the  slightest  perturbation.  The 
result  is  always  diverging  oscillations  in  the  populations  and  eventual  extinctions.  Several 
modifications  have  been  made  to  this  model  that  improve  the  stablity  of  its  steady-states. 

If  the  environment  can  only  support  a limited  density  of  prey  (or  has  a specific  carrying 
capacity,  k ),  then  in  the  absence  of  natural  enemies,  prey  population  growth  will  be 
restricted.  Environmental  carrying  capacity  can  be  included  by  replacing  the  exponential 
growth  function  with  a Ricker  type  function  (Beddington  et  al.  1975).  The  difference 
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equations  that  now  describe  the  changes  in  prey  and  natural  enemy  densities  from  one 
generation  to  the  next  are  then 


z,+i  = z,exP(r(l  " ~r)~aZt) 
k 

Z(+l  = cYM  ~ exP(~«Z,)) 


(3.30) 


Beddington  et  al.  (1975)  performed  a local  stability  analysis  on  this  model  and  found  that 
stability  could  be  characterized  in  terms  of  r,  and  also  by  q = ¥/k.  The  parameter  q 
measures  the  extent  to  which  the  natural  enemy  depresses  the  density  of  the  host  below  k ; 
low  values  reflect  high  natural  enemy  efficiency. 

Stability  can  also  be  improved  by  directly  adjusting  the  searching  efficiency  of  the 
parasitoid  ( a ) to  account  for  large  natural  enemy  populations.  Since  a is  constant  in  the 
NB  model,  there  is  no  compensation  for  large  natural  enemy  densities  although  it  has  been 
shown  that  efficiency  tends  to  generally  decrease  as  the  natural  enemy  population  becomes 
very  large  (Hassell  & Varley  1969).  The  model  described  by  Hassell  and  Varley  (1969)  to 
account  for  the  variation  in  a with  increasing  natural  enemy  numbers  is 


Yt+l  = r Y texp(-(QZtlm) 

Zt+l  = cYt(  1 - exp(-(0Z/-"') 


(3.31) 


where  0 = aZ"'  is  the  "quest”  constant  and  m , the  "mutual  interference"  constant  that 
relate  to  the  natural  enemy.  By  creating  a situation  where  there  is  mutual  interference 
among  natural  enemies  at  high  density,  stability  can  be  achieved.  Steady-states  are 
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however  only  stable  for  0 < m < 1 for  as  0,  the  model  in  eqn  (3.31)  approaches  the  NB 
model.  These  stabilizing  influences  should  also  apply  to  the  non-spatial  age  structured 
model. 


Equilibrium.  Persistence  and  Dynamics  in  Spatial  Systems 
In  the  Nicholson-Bailey  system  species  interaction  occurs  at  a single  location.  In 
defense  of  the  model's  instability,  Nicholson  pointed  out  that  populations  in  nature 
generally  existed  in  spatially  defined  areas  each  of  which  is  unstable  enough  to  lead  to 
extinction.  However,  not  all  subpopulations  were  likely  to  become  extinct  at  the  same 
time,  and  the  whole  system  would  then  persist  because  of  spatial  linkages.  Spatial 
movement  of  individuals  between  patches  was  therefore  considered  important  for 
maintaining  the  whole  system. 

What  effect  therefore  is  dispersal  likely  to  have  on  steady-state  stability  in  systems 
of  species  interaction?  This  question  was  examined  using  the  familiar  but  unstable  NB 
model  given  in  eqn  (3.13),  and  a model  developed  by  Kot  (1989)  that  is  stable  within 
certain  parameter  ranges.  Kot’s  model  is  similar  to  the  NB  and  is  simply. 


P(r(l  - Yt  - Z,)) 

Z,.x  = cY,Z, 


(3.32) 


The  steady-states  of  this  model  are  asymptotically  stable  for 
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1 < c < 2 


(3.33) 


Stability  of  the  steady-states  in  spatial  and  non-spatial  versions  of  these  models  were 
explored. 

Mathematical  stability  in  the  NB  model  has  already  been  explored  (Appendix 
1.1a).  Assuming  now  that  the  populations  in  this  model  occupy  infinite  one-dimensional 
continuous  space,  then  the  model  in  integrodifference  (IDE)  form  becomes 


Kot  and  Schaffer  (1986),  Kot  (1989)  and  Neubert  et  al.  (1995)  showed  that  for  systems 
like  that  in  eqn  (3.34),  stability  criteria  similar  to  those  given  in  eqn  (3.27)  for  the  non- 
spatial  model  can  be  applied  if  Fourier  transformed  perturbations  are  considered.  The 
criteria  for  stability  in  this  one  dimensional  second-order  spatial  model  are 


(3.34) 


ZM  = f +°° Kz(l -x)  cYt(x)(l  -exp(-aZt(x)))dx 


1 - tr(KA)  + det  (KA)  > 0 (a) 

1 + tr(KA)  + det  (KA)  > 0 ( b ) 


(3.35) 


1 - det  (KA)  > 0 (c) 


where  A is  the  Jacobian  of  the  non-spatial  model,  while  K is 
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K = 


ky(u) 

0 


0 

kz(w) 


with 


ky(orz)(V) 


e'Jwxdx 


(3.36) 

0 ^ ky(tS),kz(wi)  < 1 


the  Fourier  transforms  of  the  dispersal  kernels  Ky  and  Kz  from  eqn  (3.34),  respectively. 
Stability  analyses  of  this  system  are  given  in  Appendix  (1.  lb).  The  characteristic  equation 
is  similar  in  form  to  that  of  the  model  without  dispersal.  The  Jury  criterion  in  eqn  (3.35c), 
is  violated  however  since 


linV-so 


e(-^)\n(r)r  < 

(r  - 1) 


(3.37) 


and  therefore  the  steady-states  of  the  spatial  1-D  model  are  still  unstable.  Therefore  with 
equal  prey  and  predator  dispersal  the  unstable  NB  model  is  still  unstable.  It  has  been 
shown  elsewhere  that  adding  equal  prey  and  predator  dispersals  does  not  affect  the 
stability  of  previously  stable  steady-states.  However,  stability  of  stable  systems  can  be 
affected  by  having  unequal  prey  and  predator  dispersals.  These  ideas  were  tested  with  the 
Kot  model.  Analysis  of  this  model  is  given  in  Appendix  (1 .6).  Steady-state  stability  was 
maintained  in  one-  and  two-dimensional  systems  where  prey  and  predator  dispersals  were 
the  same.  However,  when  predator  dispersal  was  greater  (in  either  one-  or  two- 
dimensional  space),  some  of  the  Jury  conditions  were  violated  and  the  steady-states 
became  unstable.  Predator  overdispersal  in  stable  systems  often  results  in  what  has  been 
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called  diffusive  instability  (Segel  & Jackson  1972,  Kot  1989,  Neubert  et  al.  1995),  where 
the  predator  disperses  so  rapidly  that  its  stabilizing  influence  on  the  prey  is  lost.  This  type 
of  dynamics  is  common  in  continuous-time  diffusion  system  but  is  now  also  known  to 
occur  in  discrete  systems. 

Dynamics  of  Interacting  Species  in  2-D  Systems 
The  use  of  IDE  models  to  study  the  dynamics  of  interacting  species  in  two- 
dimensional  habitats  is  lacking.  Therefore  studies  were  undertaken  using  an  IDE 
Nicholson-Bailey  (1935)  model  to  compare  the  dynamics  with  traditional  spatial  NB 
models  with  local  coupling  procedures  such  as  queen’s  moves.  The  effects  of  dispersal  on 
the  dynamics  in  this  model  have  been  widely  studied  and  thus  provide  a good  basis  for 
comparsion.  The  model  with  no  age-structure  was  chosen  in  favor  of  the  age-structured 
model  because  of  the  much  simplier  parameter  space.  Also  preliminary  studies  indicated 
that  under  comparable  conditions,  the  overall  dynamics  in  both  models  were  similar 
although  the  period  of  oscillations  in  the  age-structured  model  tended  to  be  less.  This 
resulted  mainly  because  of  the  trickling  of  individuals  through  the  age  classes  which 
according  to  Oster  (1978  p.  436)  causes  a shift  in  the  prey  and  predator  waves  and  forces 
the  predator  “to  live  off  the  tails  of  the  host  wave”. 

Study  1 : Spatially  Varying  Initial  Populations:  Homogeneous  System 

In  this  first  study,  a two-dimensional  IDE  form  of  the  NB  system  in  eqn.  3.30  was 
simulated  on  a 64  x 64  spatial  grid  with  each  cell  seeded  with  random  numbers  of  prey  and 
natural  enemy.  Parameters  ( r = 2.0,  a=  0.5)  were  held  spatially  constant  and  identical  for 
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all  locations  in  the  system,  and  the  dispersal  kernel  for  both  species  was  Gaussian  with  an 
initial  standard  deviation  (SD)  of  dispersal  of  one  grid  cell.  Results  for  this  study  are  not 
shown  since  for  all  simulations,  one  (usually  the  predator)  or  both  populations  went 
extinct.  These  results  were  insensitive  to  the  extent  of  dispersal  of  both  species.  Starting 
therefore  with  spatially  random  varying  initial  populations  and  spatially  invariant 
parameters  did  not  lead  to  persistence  in  this  unstable  model  probably  because  the  whole 
system  acted  like  a single  location  under  these  conditions.  The  qualitative  dynamics  are 
therefore  no  different  to  those  of  an  isolated  single  population. 

Study  2:  Initial  Populations  at  a Single  Location:  Homogeneous  system 

A single  cell  in  a 64  x 64  grid  was  randomly  chosen  and  random  numbers  of  prey 
and  natural  enemy  individuals  placed  into  this  cell.  All  other  cells  on  the  grid  were  empty. 
The  same  cell  (row  43,  column  28)  and  population  assignment  were  used  in  all  simulations 
although  other  combinations  were  also  tested.  Parameters  were  assigned  to  all  locations 
and  were  identical  to  those  in  Study  1.  The  dispersal  kernels  were  also  Gaussian  with  SD 
of  dispersal  measured  in  grid  cells.  Some  very  interesting  dynamics  were  observed  and 
these  depended  mainly  on  the  relationship  between  prey  and  predator  dispersal.  When 
predator  extinctions  occurred,  these  appeared  to  depend  strongly  on  the  relationship 
between  initial  cell  seeded  and  the  SD  of  dispersal.  As  the  SDs  were  increased  the  choice 
of  initial  cell  became  more  critical. 

The  most  interesting  patterns  observed  were  spiral  waves  of  predator  chasing  prey 
(Fig.  3- la).  These  patterns  usually  arose  when  the  SD  of  dispersal  in  the  kernels  were  the 
same  for  both  species  and  equal  to  1 grid  cell,  and  parameters  were  spatially  invariant. 
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For  equal  SD  of  the  dispersal  kernels  greater  than  1 grid  cell,  the  spiral  waves  disappeared 
and  persistence  of  the  interaction  depended  mainly  on  the  choice  of  initial  location  and 
species  density  in  that  cell.  Also  when  the  SD  of  the  dispersal  kernels  were  1 grid  cell  for 
both  species  but  either  a or  r varied  spatially,  the  spiral  waves  again  disappeared  although 
the  interaction  persisted. 

When  prey  dispersal  was  greater  than  that  of  the  predator,  the  predator  population 
usually  went  extinct.  For  greater  SD  of  predator  dispersal  (predator  overdispersal) 
however  the  spiral  waves  disappeared  and  the  dynamics  were  primarily  determined  by  the 
extent  of  overdispersal.  Very  high  levels  of  predator  overdispersal  caused  the  predator 
population  to  go  extinct,  while  for  moderate  to  low  levels  of  overdispersal,  the  system 
persisted  but  no  underlying  patterns  could  be  distinguished  by  looking  at  the  color-coded 
density  maps  (Figs.  3-2,  3-3  ). 

Clues  to  a description  of  these  patterns  were  obtained  by  observing  the  Lyapunov 
exponents  (Lichtenberg  & Lieberman  1992  ch.  5).  Positive  Lyapunov  exponents  indicate 
the  presence  of  chaos,  and  for  greater  predator  overdispersal  this  exponent  was  “more 
positive”  (Figs,  3.  Id,  3. 2d,  3.3d).  Generally,  the  greater  the  disparity  between  prey  and 
predator  dispersals  in  favor  of  the  predator,  the  more  chaotic  were  the  dynamics.  These 
dynamical  patterns  (Figs.  3-2  and  3.3)  are  indicative  of  spatiotemporal chaos  (Hassell  et 
al.  1991,Comins  et  al.  1992,  Pearson  1993,  Cross  & Hohenberg  1994,  Braiman  et  al  1995, 
Dennin  et  al.  1996).  Notice  that  the  dynamics  underlying  the  apparently  regular  spiral 
wave  patterns  are  also  chaotic  since  the  Lyapunov  exponents  are  positive  (Fig.  3- Id). 
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Study  3:  Spatially  Varying  Initial  Populations:  Heterogeneous  System 

Environmental  heterogeneity  may  be  introduced  into  the  system  in  a number  of 
ways.  Here,  it  was  included  by  spatially  varying  the  reproductive  rate  of  the  prey  ( r ) 
and/or  the  searching  efficiency  of  the  predator  (a).  The  spiral  waves  observed  in  Study  2 
disappeared  when  r or  a were  varied  spatially  and  all  other  conditions  were  the  same. 

When  the  initial  populations  of  prey  and  predator,  and  also  r were  spatially 
varying,  the  system  persisted  unlike  in  the  case  with  the  homogeneous  environment  (Study 
1).  The  types  of  dynamics  observed  were  again  dependent  on  the  relationship  between 
prey  and  predator  dispersal  (Figs.  3.4,  3.5.  3.6,  3.7).  Generally  however,  these  dynamics 
were  less  chaotic  than  those  in  Study  2,  as  indicated  by  the  Lyapunov  exponents  near  zero 
(Figs  3.4d  & 3.5d).  Where  there  was  predator  overdispersal,  the  dynamics  became 
increasingly  quctsi-periodic  (Oster  1978,  Berge  et  al.  1984)  and  the  Lyapunov  exponents 
dropped  to  zero  (Figs.  3.6c,d  & 3.7c,d). 

Study  4:  Prey  Refuge 

Prey  refuges  in  the  environment  was  simulated  by  excluding  the  predator  from 
some  locations  through  manipulation  of  its  searching  efficiency  (a).  The  value  of  the 
predator’s  searching  efficiency  at  any  location  in  the  grid  was  determined  by  having 


a = a *((1  + A)  *£7(0,1)  - A) 


a 


d<  0 
a>  0 


(3.38) 
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Delta  (A)  determines  the  amount  of  refuge  available  to  the  prey  (Fig.  3.8),  U(0,1)  is  a 
uniform  random  distribution,  and  a is  the  average  searching  efficiency  of  the  predator. 

Cells  in  the  grid  with  a = 0.0  are  host  refuge  sites.  For  A = 0.0,  there  are  therefore  no 
refuges  in  the  system,  while  for  A = 1.0,  approximately  half  of  the  environment  is 
considered  as  refuge.  The  dynamics  for  the  system  where  A = 0.0  (Fig.  3.9)  is  therefore 
similar  to  those  in  Study  3 where  environmental  heterogeneity  was  introduced  through 
spatially  varying  a values  but  no  refuge  was  present.  As  A was  increased,  the  color-coded 
density  maps  showed  little  changes  during  the  simulations..  The  maps  observed  after  2000 
time  steps  given  in  Figs  3. 10a,  3.11a,  and  3. 12a  looked  exactly  like  those  of  the  previous 
1500  time  steps.  These  conditions  generated  what  are  known  as  crystal  lattices  where  the 
dynamics  appear  to  lock  onto  a particular  pattern.  These  patterns  are  generally  devoid  of 
spatiotemporal  chaos  and  the  only  clue  as  to  the  underlying  dynamics  comes  again  from 
the  phase-plane  plots  and  Lyapunov  exponents.  Fig.  3. 10c  for  example  indicates  that 
when  approximately  9-10%  of  the  environment  consisted  of  refuges,  an  invariant  circle 
was  generated  and  the  dynamics  were  quasi-periodic.  On  the  other  hand,  as  the  amount  of 
refuges  rose  above  « 12%  (Fig.  3.11  & 3. 12),  the  system  approached  a stable  point,  and 
the  Lyapunov  exponents  were  negative. 

For  convenience,  the  types  of  spatial  dynamics  observed  in  these  studies  and  that 
are  likely  to  appear  in  dynamical  systems  with  species  interaction  are  summarized  in  Table 


3-2. 
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Discussion 

Equilibrium,  stability  and  persistence  of  interacting  species  in  discrete-time  spatial 
and  non-spatial  systems  were  the  main  focus  of  this  study.  Stability  of  steady-states  in 
systems  of  different  orders  were  discussed  along  with  the  development  of  stability  criteria 
for  specific  systems.  Little  or  no  work  has  been  done  on  the  stability  in  systems  with 
polynomials  of  degree  greater  than  five.  May  (1974  p.  196)  in  explaining  the  Routh- 
Hurwitz  stability  criterion  for  differential  systems  remarked  that  “no  one  in  their  right 
mind”  would  attempt  to  use  that  criterion  to  determine  the  stability  of  any  system  with  a 
characteristic  polynomial  of  degree  greater  than  five.  Advances  in  computer  hardware  and 
mathematical  software  have  made  it  possible  to  perform  stability  analysis  on  systems  with 
sixth-degree  polynomials  and  higher. 

Equilibrium  and  stability  conditions  in  any  system  are  prerequisites  for  exploring 
the  dynamics  of  that  system.  It  is  clear  from  the  studies  undertaken  here  that  systems  of 
interacting  species  having  unstable  steady-states  cannot  be  stabilized  by  adding  symmetric 
dispersals  (Allen  1975,  Kot  1989,  Neubert  et  al.  1995).  Allen  (1975  p.  331)  concluded 
that  “when  the  dispersal  rates  of  the  host  and  parasite  are  identical,  stability  or  instability 
near  equilibrium  in  the  simple  time  model  implies  stability  or  instability  in  the  space-time 
model ...  .”  These  restrictions  seem  to  apply  only  to  cases  where  dispersal  is  symmetric 
and  equal.  For  unequal  dispersal,  and  in  particular,  in  the  case  of  predator  overdispersal, 
the  stability  of  steady-states  in  initially  stable  systems  can  be  altered.  Predator 
overdispersal  has  been  shown  to  lead  to  diffusive  instability  in  one-dimensional  IDE 
systems,  and  is  generated  under  much  broader  conditions  than  are  possible  with 
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continuous-time  diffusive  systems  (Kot  & Schaffer  1986,  Kot  1989,  Neubert  et  al.  1995). 
The  loss  of  stability  in  one-dimensional  IDE  systems  with  predator  overdispersal  was 
reconfirmed.  In  addition,  it  was  shown  for  the  first  time  that  stability  in  a two-dimensional 
IDE  system  is  also  lost  with  predator  overdispersal. 

Although  a system  may  be  mathematically  unstable,  when  extended  into  space  and 
under  certain  conditions,  the  interaction  can  persist.  Persistence  is  enhanced  by  having 
asynchrony  among  subpopulations  in  the  system.  Taylor  (1988a)  proposed  three 
mechanisms  for  maintaining  asynchrony;  spatial  and  temporal  heterogeneity  among 
patches,  low  but  nonzero  migration  rates,  and  large  numbers  of  patches  or  subpopulations. 
Reeve  (1990)  showed  that  where  there  is  spatial  subdivision  and  environmental  variability, 
only  mathematically  stable  systems  are  able  to  persist  at  high  migration  rates,  while  at  low 
rates  both  unstable  and  stable  systems  persisted.  In  general  Reeve  (1990)  noted  that  the 
persistence  of  mathematically  unstable  systems  could  only  be  maintained  in  the  presence  of 
environmental  variability,  spatial  subdivision,  and  species  migration. 

In  many  studies  that  examined  the  effects  of  environmental  heterogeneity,  coupling 
through  dispersal  was  global  rather  than  local.  Hassell  et  al.  (1991)  and  Comins  et  al. 
(1992)  however  found  that  persistence  of  interacting  species  in  homogeneous 
environments  was  possible  with  local  or  neighborhood  dispersal.  They  pointed  out  that 
heterogeneity  and  density  dependence  were  likely  to  be  less  important  under  local 
coupling  conditions.  The  dynamical  studies  in  this  paper  support  this  view  (Figs.  3.1,  3.2, 
3.3).  What  is  interesting  is  that  the  results  appear  to  be  independent  of  the  type  of  local 
dispersal  model  used.  Hassell  et  al.  (1991)  and  Comins  et  al.  (1992)  used  queen’s 
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(orthogonal  and  diagonal)  local  dispersal  rule  where  in  each  time  step  movement  was  to 
the  8 neighboring  cells.  Gaussian  dispersal  kernels  and  the  IDE  models  maintain  the  local 
coupling  idea.  It  is  not  surprising  therefore  that  they  also  observed  similar  dynamical 
patterns  (spiral  waves,  crystal  lattices,  chaos)  although  the  conditions  under  which  these 
appeared  were  quite  different.  Hassell  et  al.  (1991)  and  Comins  et  al.  (1992)  also  made  a 
distinction  between  spiral  waves  and  spatiotemporal  chaos  and  made  no  mention  of  how 
chaos  was  determined.  From  this  study,  it  appears  that  the  spiral  waves  are  just  another 
type  of  spatiotemporal  chaos  based  on  the  positive  Lyapunov  exponents  observed. 

There  are  many  ways  to  include  environmental  heterogeneity  in  species  interaction 
systems.  These  include  creation  of  host  refugia  (Hassell  1978),  biased  dispersal  between 
the  species  (Comins  and  Blatt  1974),  having  uncorrelated  stochasticity  in  parameters 
(Reeve  1988),  differences  in  initial  conditions  (Alder  1993),  and  varying  the  connectivity 
within  the  habitat  (Molofsky  1994,  With  & Crist  1995).  The  effect  of  initial  population 
on  B.  tabaci  dynamics  was  demonstrated  by  von  Arx  et  al.  (1983)  and  Baumgartner  et  al. 
(1986)  for  the  whitefly  cotton  system  who  observed  that  whitefly  population  growth  was 
highly  affected  by  the  initial  numbers  of  insects  in  the  field. 

All  the  methods  for  adding  environmental  heterogeneity  given  above  result  in  the 
creation  of  prey  refuges  and  therefore  studies  on  the  effects  of  host  refuges  on  system 
dynamics  were  conducted.  In  discussing  approaches  to  biological  control  of  whiteflies 
Gerling  (1992)  discussed  three  forms  of  refuges.  The  first  is  natural  enemy  stage 
preference  refuge  where  some  host  stages  are  invulnerable  to  attack  because  of  natural 
enemy  preference  for  other  stages.  This  may  not  be  an  important  type  of  refuge  for 
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whiteflies  since  all  stages  except  adults  are  usually  taken  by  one  natural  enemy  or  another. 
However,  variations  in  the  development  between  the  age-classes  of  whitefly  and  some  of 
its  natural  enemies  may  create  what  has  been  called  a temporal  niche  (Oster  1978),  a 
period  where  an  insect  is  relatively  free  from  the  effects  of  predation.  Powell  and  Bellows 
(1992c)  observed  these  effects  when  they  compared  a California  and  an  Hawaiian 
Eretmocerns  species.  The  Hawaiian  species  was  more  effective  at  controlling  the  whitefly 
because  its  intrinsic  rate  of  increase  was  higher  than  that  of  the  whitefly.  Temporal  refuge, 
the  second  type  of  refuge  results  from  the  more  rapid  establishment  of  whiteflies  in  new 
areas  in  relation  to  their  natural  enemies.  A classic  example  of  this  is  the  establishment  of 
the  insect  in  the  San  Joaquin  Valley,  California.  The  SLW  was  discovered  in  the  southern 
part  of  the  valley  in  the  summer  of  1992,  and  by  fall  had  spread  approximately  100  miles 
north.  The  foci  of  infestation  were  suspected  to  be  greenhouses,  and  1993  surveys  found 
no  parasitoids  in  the  valley  (Summers  pers.  comm.).  Thirdly,  there  is  spatial  refuge 
created  because  of  differences  in  host  plant  architecture,  climatic  characteristics  and  host 
density  in  specific  areas.  Plant  architecture  for  example  is  known  to  limit  natural  enemy 
performance  as  has  been  shown  by  the  reduced  effectiveness  of  Encarsia  formosa  on 
Gerbera  plants  infested  with  the  greenhouse  whitefly  (van  Lenteren  pers.  comm,  cited  in 
Gerling  1992).  The  results  of  Study  4 indicate  that  varying  host  refugia  can  have  a 
dramatic  effect  on  the  dynamics  in  predator-prey  systems.  Refuges  create  a distinct 
advantage  for  the  prey  and  therefore  their  elimination  is  essential  for  maintaining  low  pest 
population  and  enhancing  the  effects  of  its  natural  enemies  (Murdoch  1990). 
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Table  3-1 . Parameter  values  for  Trialeurodes  vaporariorum  and  Encarsia  formosa  in 
the  simplifed  non-spatial  age-structured  model. 


Model  Parameters 

Mean  Parameter  Values3 

r 

6.000 

Sn 

0.144 

Sy2 

0.058 

a 

0.750 

$zi 

0.250 

$Z2 

0.045 

a per  day  at  an  average  temperature  of  25  °C. 


Table  3-2.  Spatiotemporal  patterns  observed  in  discrete-time  coupled  systems  with 
species  interaction. 
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Dynamical  Patterns 

Lyapunov  Exponent3 

Spatial 

Temporal 

Uniform 

Constant 

negative 

Crystal  Lattice 

Non-Uniform 

Constant 

negative 

Crystal  Lattice 

Non-Uniform 

Varying 

Periodic 

0 

Quasi-periodic 

0 

Chaotic 

positive 

Spiral  Waves 

Spatiotemporal  Chaos 

positive 

A positive  Lyapunov  exponent  indicates  chaos. 
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a b 


c d 


Fig.  3-1.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  One  cell  initially  seeded  and  prey  and 
predator  dispersal  is  Gaussian  with  equal  standard  deviations  (1:1  grid 
cell);  r = 2.0,  a = 0.5.  (a)  prey  and  predator  interaction— high  prey  density 
(red),  high  predator  density  (dark-blue);  (b)  simulation  time  plot— prey 
(red),  predator  (black);  (c)  phase-plane  plot;  (d)  Lyapunov  exponent. 
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Fig.  3-2.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  One  cell  initially  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  predator 
dispersal  twice  that  of  prey  (2:1  grid  cells);  r = 2.0,  a = 0.5. (a)  prey  and 
predator  interaction— high  prey  density  (red),  high  predator  density  (dark- 
blue);  (b)  simulation  time  plot— prey  (red),  predator  (black);  (c  ) phase- 
plane  plot,;  (d)  Lyapunov  exponent. 
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Fig.  3-3.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  One  cell  initially  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  predator 
dispersal  four  times  that  of  prey  (4: 1 grid  cells);  r = 2.0,  a = 0.5  (a)  prey 
and  predator  interaction— high  prey  density  (red),  high  predator  density 
(dark-blue);  (b)  simulation  time  plot— prey  (red),  predator  (black);  (c) 
phase-plane  plot;  (d)  Lyapunov  exponent. 
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Fig.  3-4.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  All  cells  initially  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  equal  standard  deviations  (1:1  grid 
cell);  r varies  spatially  with  Uniform  distribution  as  1 < r < 2.0,  a = 0.5. 
(a)  prey  and  predator  interaction— high  prey  density  (red),  high  predator 
density  (dark-blue);  (b)  simulation  time  plot— prey  (red),  predator  (black); 
(c)  phase-plane  plot;  (d)  Lyapunov  exponent. 
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Fig.  3-5.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  All  cells  initially  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  prey 
dispersal  twice  that  of  predator  (2:1  grid  cells);  r varies  spatially  with 
Uniform  distribution  as  1 < r < 2.0,  and  a = 0.5.  (a)  prey  and  predator 
interaction— high  prey  density  (red),  high  predator  density  (dark-blue);  (b) 
simulation  time  plot— prey  (red),  predator  (black);  (c)  phase-plane  plot;  (d) 
Lyapunov  exponent. 
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Fig.  3-6.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  All  cells  initial  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  predator 
dispersal  twice  that  of  prey  (2: 1 grid  cells);  r = 2.0,  a varies  spatially  with 
Uniform  distribution  as  0 < a < 0.5.  (a)  prey  and  predator  interaction- 
high  prey  density  (red),  high  predator  density  (dark-blue);  (b)  simulation 
time  plot— prey  (red),  predator  (black);  (c)  phase-plane  plot;  (d)  Lyapunov 
exponent. 
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Fig.  3-7.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  All  cells  initially  seeded,  and  prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  predator 
dispersal  four  times  that  of  prey  (4: 1 grid  cells) ; r =2,  a varies  spatially 
with  Uniform  distribution  as  0 < a < 0.5.  (a)  prey  and  predator 
interaction— high  prey  density  (red),  high  predator  density  (dark-blue);  (b) 
simulation  time  plot— prey  (red),  predator  (black);  (c)  phase-plane  plot; 

(d)  Lyapunov  exponent. 
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Fig.  3-8.  Varying  prey  refuge  in  a 64  x 64  spatial  grid.  Black  areas  represent 

refuge  cells  with  predator  searching  efficiency  a = 0.0;  White  areas  are 
non-refuge  cells  with  a > 0.  The  amount  of  refuge  is  obtained  from  the 
equation,  a = a [(1  + A)*U(0,1)  - A],  Negative  a values  are  reassigned  to 
0.0.  In  the  refuge  maps  shown  (a)  A = 0.05,  (b)  A = 0. 10,  ( c)  A = 0.25, 
and  (d)  A = 1.00. 
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Fig.  3-9.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  No  prey  refuge  ( A = 0.00).  Prey  and 
predator  dispersal  is  Gaussian  with  the  standard  deviation  of  prey 
dispersal  twice  that  of  predator  (2: 1 grid  cells);  r and  a vary  spatially  with 
Uniform  distribution  as  1 < r < 2.0,  0 < a < 1 . (a)  prey  and  predator 
interaction— high  prey  density  (red),  high  predator  density  (dark-blue);  (b) 
simulation  time  plot— prey  (red),  predator  (black);  (c)  phase-plane  plot;  (d) 
Lyapunov  exponent. 
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Fig.  3-10.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  Approximately  9%  of  cells  are  prey 
refuge  ( A = 0. 10).  Prey  and  predator  dispersal  is  Gaussian  with  the 
standard  deviation  of  prey  dispersal  twice  that  of  predator  (2:1  grid  cells); 
r and  a vary  spatially  with  Uniform  distribution  as  1 < r < 2.0,  0 < a < 1; 
(a)  prey  and  predator  interaction— high  prey  density  (red),  high  predator 
density  (dark-blue);(b)  simulation  time  plot— prey  (red),  predator  (black); 
(c)  phase-plane  plot;  (d)  Lyapunov  exponent. 
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Fig.  3-11.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  Approximately  12  % of  cells  are  prey 
refuge  ( A = 0. 15).  Prey  and  predator  dispersal  is  Gaussian  with  the 
standard  deviation  of  prey  dispersal  twice  that  of  predator  (2:1  grid  cells); 
r varies  spatially  with  Uniform  distribution  as  1 < r < 2.0  and  average 
a = 0.5. (a)  prey  and  predator  interaction— high  prey  density  (red),  high 
predator  density  (dark-blue);  (b)  simulation  time  plot-prey  (red),  predator 
(black);  (c)  phase-plane  plot;  (d)  Lyapunov  exponent. 
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Fig.  3-12.  Spatiotemporal  dynamics  on  a 64  x 64  grid  with  a 2-D  integrodifference 
equation  Nicholson-Bailey  model.  Approximately  50%  of  cells  are  prey 
refuge  ( A = 1.0).  Prey  and  predator  dispersal  is  Gaussian  with  the 
standard  deviation  of  prey  dispersal  twice  that  of  predator  (2:1  grid 
cells);  r varies  spatially  with  Uniform  distribution  as  1 < r < 2.0  and 
average  a = 0.5.  (a)  prey  and  predator  interaction— high  prey  density 
(red),  high  predator  density  (dark-blue);  (b)  simulation  time  plot— prey 
(red),  predator  (black);  (c)  phase-plane  plot;  (d)  Lyapunov  exponent. 


CHAPTER  4 

CONSTRUCTION  AND  ANALYSIS  OF  RESOURCE  MAPS 
FOR  HERBIVOROUS  INSECTS 

Introduction 

The  spatiotemporal  dynamics  of  animal  species  are  directly  affected  by 
characteristics  of  their  environment  such  as  those  defined  by  habitat  structure.  It  is 
important  therefore  to  determine  how  habitat  structure  affects  ecological  processes  such 
as  dispersal  that  operate  at  spatial  and  temporal  scales  relevant  to  the  organism.  Measures 
of  habitat  structure  are  varied  but  can  be  categorized  into  two  groups:  measures  of  habitat 
composition  that  determine  the  relative  extent  of  species  resources  within  the  habitat,  and 
measures  of  habitat  physiognomy  or  the  spatial  arrangement  of  these  resources  (Dunning 
et  al.  1992).  Spatially  explicit  population  models  (SEPMs)  include  resource  or  habitat 
maps  that  provide  clear  and  accurate  descriptions  of  both  habitat  composition  and 
physiognomy.  These  models  can  be  used  to  examine  the  impact  of  changes  in  habitat 
structure  on  the  animal’s  population  dynamics  (Dunning  et  al.  1995). 

The  form  of  the  resource  map  in  SEPMs  may  differ  depending  on  the  system  being 
studied.  For  example,  in  some  special  types  of  SEPMs  such  as  dispersal-corridor  models, 
the  animal's  habitat  is  made  up  of  explicit  patches  or  nodes  that  may  or  may  not  be 
connected  through  dispersal  corridors,  and  nonpatch  habitat  locations  are  not  always 
explicitly  considered  (Fahrig  1988,  Fahrig  & Paloheimo  1988).  More  commonly  however, 
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the  animal’s  habitat  in  SEPMs  is  represented  by  a grid  of  interconnecting  squares  or  cells 
each  of  which  is  homogeneous  in  some  habitat  feature.  Heterogeneity  is  introduced  into 
the  system  by  assigning  different  habitat  characteristics  to  different  cells  (Dunning  et  al. 
1995). 

The  purpose  of  this  chapter  is  to  discuss  the  construction  of  grid-based  insect 
resource  maps  for  use  with  spatially  explicit  population  models.  Resource  maps  for  the 
silverleaf  whitefly  (SLW),  Bemisia  cirgetUifolii  are  developed  for  spatial  systems  of  two 
different  extents.  The  first  resource  map  is  constructed  from  a relatively  small  and  isolated 
farm  system,  while  resource  maps  for  the  insect  in  large-scale  agricultural  systems  are 
developed  later  using  remotely  sensed  data.  Finally,  some  discussion  on  experimental 
resource  maps  is  given. 


Farm-Level  Whitefly  Resource  Maps 

A silverleaf  whitefly  resource  map  is  developed  on  a mixed-crop  organic  farm. 

Pine  Island  Organics,  on  Pine  Island,  Florida.  Pine  Island  is  fairly  isolated  from  the  Florida 
mainland,  and  is  the  largest  island  (27.2  km  x 3.2  km)  of  its  kind  on  the  west  coast  of 
Florida  (Fig.  4-1). 

The  first  step  in  setting  up  the  SLW  resource  map  was  to  gather  information  on 
features  within  the  farm.  Measurements  were  taken  on  the  cropping  area  and  the  spatial 
arrangement  of  SLW  resources  within  fields  was  recorded.  This  information  was  used  to 
create  a scaled-map  of  the  farm  as  seen  Fig.  4-2a.  The  cropping  area  consisted  of  two 
fields  (1  and  2)  that  were  divided  into  14  and  12  blocks,  respectively.  Each  block 
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contained  a single  crop  type  and  was  separated  from  other  blocks  by  a sugarcane 
windbreak.  Blocks  were  also  divided  into  plots  to  facilitate  insect  population  sampling  on 
the  farm. 

The  next  step  was  to  superimpose  a grid  consisting  of  128  cells  x 128  cells  onto 
the  scaled-map  and  to  index  SLW  resources  in  each  cell  in  that  grid.  The  final  resource 
map  shown  as  a color-coded  image  in  Fig.  4-2b  has  an  extent  of  ~31  hectares  with  each 
patch  or  grid  cell  « 18.92  m2  (4.35  m x 4.35  m). 

Resources  were  assigned  to  their  respective  spatial  locations  in  the  grid  in  the 
following  manner.  It  can  be  observed  in  Fig.  4-2b  that  six  main  crops  or  resource  types 
were  grown.  These  are  tomato,  eggplant,  cucumber,  zucchini,  pepper  and  sugarcane. 
Resident  vegetation  was  added  as  the  seventh  resource  to  cover  areas  unoccupied  by  the 
six  other  resources.  If  a crop  was  planted  in  different  blocks  on  the  same  date  the  same 
resource  index  was  assigned  to  these  blocks  and  to  the  respective  cells  in  the  resource 
spatial  matrix.  However,  if  a crop  was  planted  in  different  blocks  on  different  dates,  these 
were  given  different  resource  indices.  The  final  map  therefore  contains  sixteen  rather  than 
seven  resource  indices  ( Fig.  4-2b).  Tomato  for  example,  was  assigned  resource  indices  4, 
5,  8 and  1 1 because  of  different  planting  dates.  Similarly,  eggplant  was  assigned  resource 
indices  6 and  12,  cucumber,  3,  9 and  16,  zucchini,  13,  14  and  15,  and  pepper,  resource 
indices  7 and  10.  Sugarcane  and  resident  vegetation  were  assigned  resource  indices  1 and 
2,  respectively.  The  matrix  of  resource  types  was  saved  in  ASCII  file  format  so  that  it 
could  be  read  by  the  simulation  package,  MATLAB®  (MathWorks  1994)  into  the  spatial 
resource  matrix,  X,  at  the  start  of  simulations. 
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Remote  Sensing  and  Large-scale  Resource  Maps 

The  methodology  described  in  the  Pine  Island  example  for  constructing  resource 
maps  is  clearly  inadequate  for  animal  habitats  that  extend  into  regional  agricultural 
systems.  For  such  systems,  habitat  feature  information  can  be  captured  using  remote 
sensing  technology  such  as  satellite  imagery. 

Remote  Sensing  Data 

Remote  sensing  is  defined  as  "the  technique  of  obtaining  information  about  objects 
through  the  analysis  of  data  collected  by  special  instruments  that  are  not  in  physical 
contact  with  the  objects  of  investigation"  (Avery  & Berlin  1992  p.  1).  This  technology 
has  been  widely  used  in  agriculture  and  ecology.  It  has  for  example  been  used  to 
determine  crop  stress  due  to  plant  pathogens  (Hatfield  1990),  to  quantify  organic  matter 
degradation  in  agricultural  fields  (Schreier  et  al.  1988),  to  detect  salinity  and  nutrient 
deficiencies  in  soils  (Rahman  et  al.  1994)  and  nonpoint-source  pollution  in  waterways 
(Jakubauskas  et  al.  1992),  and  to  assess  the  effects  of  water  stress  in  crops  (Mahey  et  al. 
1991).  Ecological  applications  have  included  the  identification  of  broad  ecological  land 
classes  in  particular  regions.  Information  of  this  type  is  often  required  for  the  proper 
analysis  and  management  of  large-scale  landscapes,  and  for  planning,  design  and 
development  of  nature  reserves  (Talbot  & Talbot  1994,  Rey-Benayas  & Pope  1995,  Host 
et  al.  1996).  In  large  heterogeneous  agricultural  landscapes,  remote  sensing  technology 
has  generally  been  restricted  to  identifying  and  determining  production  levels  of  major 
crops  such  as  wheat,  cotton  and  corn.  Little  emphasis  has  been  placed  on  the  relationship 
between  habitat  structure  and  insect  spatiotemporal  dynamics. 
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Data  Acquisition  and  Display 

Remotely  sensed  data  can  be  acquired  by  two  major  methods— airphotography  and 
earth  observation  satellite  (EOS)  imagery.  Although  emphasis  here  is  placed  on  data 
collected  by  EOSs,  the  techniques  for  manipulating  these  data  can  also  be  applied  to  data 
collected  by  airphotography. 

Land  satellite  (Landsat)  is  the  first  international  satellite  program  designed 
specifically  for  the  collection  of  data  on  the  earth’s  surface  (Jensen  1986,  Avery  & Berlin 
1992).  In  1985,  the  Land  Remote  Sensing  Act  transferred  the  Landsat  program  to  the 
Earth  Observation  Satellite  Corporation  (EOSAT;  4300  Forbes  Blvd.  Lanham,  MD 
20706-9954)  which  now  has  responsibility  for  managing  EOS  data  in  the  US. 

Today,  the  most  widely  used  Landsat  sensor  for  collecting  ground  data  is  the 
Landsat  Thematic  Mapper  (TM)  system.  The  orbits  of  the  current  Landsats  (4  and  5) 
carrying  these  sensors  are  near-polar  (passes  within  8°  of  the  North  and  South  Poles),  sun 
synchronous  (passes  over  all  places  on  earth  having  the  same  latitude  at  approximately  the 
same  local  time),  with  a nominal  altitude  of  705  km.  This  low  orbit  allows  these  Landsats 
to  revisit  the  same  location  every  16  days  (233  orbits)  at  approximately  the  same  local 
time,  9:45  a m.,  and  to  achieve  a ground  resolution  of  approximately  28.5  m to  30  m 
(Jensen  1986,  Avery  & Berlin  1992,  Richards  1993). 

Landsat  TM  sensors  simultaneously  collect  electromagnetic  data  in  seven  narrow 
spectral  bands  between  0.45  and  12.5  pm  (Table  4-1)  (Quattrochi  & Pelletier  1991,  Avery 
& Berlin  1992).  The  data  are  converted  to  numerical  form,  positive  integers  or  digital 
numbers,  and  are  supplied  by  EOSAT  as  full  scenes  or  sub  scenes  on  magnetic  tape  or 
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CD-ROM.  Full  scenes  are  105  miles  x 1 15  miles  (170  km  x 185  km)  and  consist  of 
approximately  5965  rows  and  6967  columns  of  data,  while  subscenes  are  62  miles  x 62 
miles  (100  km  x 100  km)  and  consist  of  3510  rows  and  columns.  Knowledge  of  a scene’s 
center  is  required  for  purchasing  the  whole  or  any  part  of  that  scene  since  scene  centers 
are  located  along  specific  Landsat  rows  and  paths.  The  locations  of  all  scene  centers  can 
be  found  in  the  Index  to  Landsat  Worldwide  Reference  Systems  distributed  by  EOSAT 
(Fig.  4-3). 

Each  TM  band  generally  detects  specific  ground  features  (Table  4-1).  Many 
vegetation  indices  rely  on  band  3 (Red)  and  band  4 (NIR).  An  example  is  the  Normalized 
Difference  Vegetation  Index  (NDVI)  defined  by 

NDVI  = ((. IR  - Red)  / (IR  + Red))* scale  (4.1), 

that  provides  a useful  indicator  of  biomass  vigor.  Fig  4-4a.  shows  the  NDVI  image  for 
July  30,  1986  satellite  data  on  Crow  Butte,  Nebraska.  Another  index  that  is  a variation  of 
NDVI,  is  the  Transformed  Vegetation  Index  (TVI)  given  by 

TVI  = 1 00*sqrt  ((. IR  - Red)  / (IR  + RED))  (4.2). 

The  Crow  Butte  image  after  this  transformation  is  given  in  Fig.  4-4b.  Other  useful  indices 
are  the  Graham-Schmidt™  Orthogonalization  Index  that  delineates  bare  soil  from 
vegetation,  and  Tasseled  Cap  (or  Kauth's  Tasseled  Cap)  that  is  used  to  compute 
greenness,  brightness,  and  wetness  indices.  Unlike  other  indices  however,  Tesseled  Cap 
uses  six  TM  bands.  The  Graham-Schmidt™  Orthogonalization  index  will  be  used  later  on 


and  will  therefore  be  described  in  more  detail  at  that  time. 
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TM  data  can  be  displayed  as  color  images  but  these  data  must  first  be  converted  to 
raster  format  and  quantized  to  4-,  8-  or  16-bit  scales  before  this  can  be  done.  Raster  data 
files  consist  of  grids  of  uniform  cells  with  each  cell  coded  with  a data  value  that  represents 
the  average  reflectance  of  all  features  within  that  area  on  the  ground.  Rasters  are 
displayed  as  images  on  the  computer  screen  where  cells  become  color-coded  screen  pixels 
having  a range  of  16  (24 ) colors  if  the  data  were  quantized  on  the  4-bit  scale,  and  256  and 
65536  colors  if  the  data  were  quantized  on  the  8-  and  16-bit  scales,  respectively. 

Human  color  perception  is  limited  to  the  three  primary  colors,  red,  green  and  blue. 
Therefore,  the  seven  spectral  bands  of  TM  data  can  only  be  displayed  in  combinations  of 
these  three  colors.  For  displaying  the  data,  three  bands  are  usually  chosen  and  assigned  to 
Red,  Green,  and  Blue  (RGB)  with  the  choice  of  bands  depending  on  the  information 
required.  For  example,  if  Landsat  TM  bands  3 (red),  2 (green)  and  1 (blue)  were  assigned 
to  RGB,  a natural  color  image  is  obtained  (Fig.  4-4c).  In  this  image,  vegetated  areas 
appear  as  dark  intensity  pixels  and  in  shades  of  green  and  unvegetated  areas  and  soils  in 
grey,  brown  or  tan.  If  bands  5 (Mid  IR),  4 (NIR)  and  3 (red)  were  assigned  to  RGB, 
vegetated  areas  now  appear  bright  green  and  unvegetated  areas  in  shades  of  red  or  purple 
(Fig.  4-4d). 

The  indices  and  the  RGB  color  assignments  are  useful  for  distinguishing  broad 
landscape  features  but  generally  cannot  be  used  to  distinguish  between  vegetation  types. 
The  indices  simply  help  to  highlight  vegetated  areas  within  the  landscape  and  to  separate 
these  from  other  landscape  features  such  as  bare  soil  and  water  bodies.  To  distinguish 
between  different  land  cover  objects  feature  classification  is  required. 
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Feature  Classification 

In  feature  classification,  an  analysis  of  the  spectral  properties  of  multiband  data  and 
the  sorting  of  these  data  into  spectrally  similar  categories  based  on  predefined  decision 
rules  is  undertaken.  Two  general  approaches  are  available,  unsupervised  and  supervised 
classification.  In  unsupervised  classification,  the  decision  on  whether  a feature  belongs  to 
one  spectral  class  or  another  is  determined  by  the  classification  algorithm  (classifier).  The 
analyst  simply  specifies  the  number  of  classes  into  which  he  wishes  the  data  to  be  grouped 
based  on  his  knowledge  of  the  area.  If  complete  knowledge  is  lacking,  a larger  number  of 
classes  than  are  actually  thought  to  be  present  in  the  data  are  specified.  The  classifier  uses 
statistical  and  mathematical  rules  to  decide  how  many  of  the  requested  classes  should  be 
retained.  After  classification,  similar  classes  are  aggregated  using  ancillary  information 
from  ground  truthing,  crop  growth  characteristics,  and  local  expert  knowledge.  In  some 
cases  an  initial  classification  may  provide  useful  information  that  could  be  used  to 
reclassify  the  data  using  other  clustering  and  statistical  procedures  such  as  centroid 
clustering  and  discriminant  analysis  (Rey-Benayas  & Pope  1995). 

Two  of  the  more  widely  used  unsupervised  classification  algorithms  are  K-Means 
and  Isoclass  or  ISODATA  (Iterative  Self-Organization  Data  Analysis  Techniques  A). 
These  cluster  seeking  algorithms  determine  classes  or  clusters  by  calculating  the  Euclidean 
distance  between  data  elements  and  cluster  means  (Tou  & Gonzalez  1974). 

Supervised  classification  requires  some  prior  information  on  cover  types  and 
features  within  the  area.  This  information  is  used  to  create  features  or  training  sets  that 
“train”  the  classifier  to  recognize  other  features  in  the  image  having  similar  spectral 
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characteristics.  A common  classifier  under  this  category  uses  the  Gaussian  Maximum 
Likelihood  algorithm. 

Data  Preparation  for  Classification 

Quite  often,  preprocessing  of  the  Landsat  TM  data  is  required  before  classification 
is  undertaken  to  ensure  that  the  best  possible  data  are  used  for  analysis.  This  activity  that 
mainly  involves  image  rectification  and  restoration,  helps  to  remove  noise  introduced  into 
the  signals  when  they  are  recorded  by  the  TM  sensors,  to  replace  missing  data,  and  to 
correct  for  radiometric  problems  caused  by  differences  in  sun  angle,  and  the  presence  of 
atmospheric  haze.  Obtaining  data  that  are  completely  free  from  atmospheric  effects  due  to 
clouds,  dust  and  smoke  is  not  always  possible.  Several  algorithms  are  available  for  the 
removal  of  haze  and  smoke  from  Landsat  TM  data  (Lavreau  1991).  Removal  of  clouds 
appears  to  be  somewhat  more  difficult  (J.  Paris,  pers.  comm.). 

Remotely  sensed  data  from  multiple  dates  that  are  to  be  used  in  multi-temporal 
feature  classification  often  have  to  be  normalized  to  correct  for  variation  in  reflectance  due 
to  differences  in  sun  angle  on  the  different  dates.  One  way  of  making  this  correction  is  to 
divide  each  pixel  or  raster  value  in  the  image  by  the  cosine  of  the  sun’s  illumination  angle 
(Avery  and  Berlin  1992).  In  addition,  although  multi-temporal  data  are  collected  by  the 
same  Landsat  TM  sensors,  slight  variation  will  often  occur  in  the  size  of  each  data  set. 
Data  collected  on  multiple  dates  may  have  to  be  resampled  to  conform  to  a standard  size 
before  being  used  in  feature  classification. 

Georeferencing  is  yet  another  preprocessing  exercise  that  ensures  that  the  data  are 
all  in  alignment  with  the  same  common  geographic  coordinate  system  and  therefore  with 
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points  on  the  earth.  The  Latitude-Longitude  and  the  Universal  Transverse  Mercator 
systems  are  the  most  commonly  used  projection  systems  (Jensen  1986). 

Feature  Classification:  The  San  Joaquin  Valley  Agricultural  System 
Data  Acquisition 

Three  Landsat  TM  subscenes  on  the  San  Joaquin  Valley,  California  were 
purchased  from  EOSAT.  These  data  were  collected  by  Landsat  on  April  27,  June  30,  and 
October  20,  1993,  and  were  taken  from  scenes  that  had  their  centers  located  at  Path  42: 
:Row  35  in  the  Index  shown  in  Fig.  4-3.  Each  subscene  was  imported,  converted  to  raster 
format  and  prepared  for  display  and  analysis  with  the  map  and  image  processing  system, 
TNTmips™  (Microimages,  Inc.,  Lincoln,  Nebraska  68508).  Three  TM  bands  (5,4,3) 
from  each  date  coded  in  RGB  are  presented  in  Fig.  4-5.  Changes  in  vegetation  intensity 
across  the  three  dates  are  evident  from  the  amount  of  green  present  in  these  images.  Also, 
the  orientation  of  each  image  indicates  the  natural  angular  path  of  the  satellite.  Resource 
maps  created  from  these  data  may  have  to  be  rotated  10°  counterclockwise  (north  to  top) 
before  they  are  used  in  simulations. 

Preprocessing  and  Supporting  Data 

Preprocessing  included  georeferencing,  and  normalization  of  the  April  and  October 
reflectances  to  match  the  June  data.  Differences  in  the  size  (number  of  rows  and  columns) 
of  the  data  sets  were  corrected  by  resampling  the  April  and  October  data  to  conform  to 
the  size  of  the  June  data  since  only  equal  size  data  can  be  used  together  in  classification 


(Avery  & Berlin  1992). 
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Supporting  information  was  obtained  to  assist  in  recognition  and  aggregation  of 
feature  classes.  First,  changes  in  greenness  and  soil  brightness  across  the  three  periods 
were  determined  using  the  Graham-Schmidt™  Orthogonalization.  Greenness  and  Soil 
Brightness  rasters  were  generated  for  each  date  using  sample  values  from  dark  soil,  bright 
soil,  and  green  soil.  Sample  values  were  obtained  from  raster  correlation  between  the  Red 
band  (X  axis),  and  the  NIR  band  (Y  axis)  for  each  data  set  (Table  4-2).  Green  Vegetation 
Coefficients  ( C , and  C2 ) were  computed  from  sample  values  entered  for  Red  and  NIR 
dark  soil  and  green  soil  values,  respectively,  while  Bright  Soil  Coefficients  ( C3  and  C4) 
were  calculated  from  sample  values  entered  for  the  Red  and  NIR  dark  and  bright  soils, 
respectively.  These  coefficients  were  then  used  in  the  equations 

Greenness  = 0.5  + (Cj  * Red  cell  value ) + (C2  * NIR  cell  value ) (a) 

, <43)’ 

Brightness  = 0.5  + (C3  * Red  cell  value)  + (C4  * NIR  cell  value)  ( b ) 

to  perform  the  Graham-Schmidt™  transformations  on  each  data  value  for  each  date.  The 
rasters  that  resulted  from  these  transformations  are  shown  in  Fig.  4-6. 

Ground  Truth  data  were  also  collected  as  supporting  data.  Figure  4-7a  for 
example  shows  data  obtained  from  Air-Ways  Farm  Inc.  The  boundaries  of  each  ranch 
were  vectorized  and  overlaid  on  the  June  image  (Fig.  4-7b).  Crop  types  within  these 
ranches  were  used  to  identify  similar  crop  types  throughout  the  data. 

Classification  Procedure:  K-Means  and  ISODATA 

Eighteen  bands  (bands  1 to  5,  and  band  7 for  each  date)  were  used  simultaneously 
in  classifying  crop  types  in  the  San  Joaquin  Valley.  Band  6 was  eliminated  because  of  its 
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lower  spatial  resolution,  and  the  lack  of  useful  information  for  the  type  of  crop  feature 
identification  required.  Classification  was  performed  using  the  unsupervised  ISODATA 
algorithm  in  TNTmips™. 

The  ISODATA  algorithm  is  an  enhanced  form  of  the  much  simpler  K-Means 
algorithm.  K-Means  seeks  to  minimize  the  square  distance  from  all  data  elements  in  a 
cluster  domain  to  the  cluster  center,  and  involves  the  following  basic  steps  (Tou  & 
Gonzalez  1974); 

Step  1:  K initial  cluster  centers  are  arbitrarily  chosen  from  the  data. 

Step  2:  Data  elements  are  distributed  amongst  the  K cluster  domains  using  the  minimum 
Euclidean  distance  between  each  data  element  and  the  cluster  centers.  If  the  K 
cluster  centers  chosen  are  cl5  c2,  ...,  cK  , then  the  data  elements x - {xh  x2,  ....  xn  ) 
are  assigned  to  cluster  Cj  ,j  = 1 to  K based  on  the  relation 

XESt  if  l*-c,|<  lx-cj 

V j,m  = 1,2 m * j 

Sj  is  the  set  of  samples  whose  cluster  center  is  cr  Ties  resulting  from  eqn  (4.1)  are 
resolved  arbitrarily. 

Step  3:  New  cluster  centers  are  calculated  from  the  mean  of  each  Sr 

Step  4:  Steps  2 and  3 are  repeated  until  the  algorithm  converges  on  K clusters. 
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In  the  ISODATA  algorithm,  cluster  centers  are  also  iteratively  determined  from 
sample  means.  Additional  parameters  are  however  required.  The  following  general  steps 
are  involved  in  this  procedure  (Tou  & Gonzalez  1974); 

Step  1:  A set  A of  initial  cluster  centers  cl5  c2,  ...,  cN  are  chosen  and  the  following 
processing  parameters  specified; 

K = number  of  cluster  centers  desired; 

P = comparison  parameter  or  the  parameter  against  which  the  size  of  a cluster 
domain  ( S)  is  compared; 

SD  = standard  deviation  parameter; 

L - lumping  parameter; 

AT  = maximum  number  of  pairs  of  clusters  which  can  be  lumped; 

I = number  of  iterations  allowed. 

Step  2:  The  n data  elements  or  samples  x = ( xh  x2, ...,  xn ) are  distributed  among  the 
cluster  centers  using 

X€S,  V l-'-'.l  (451 

V j,m  = 1,2,..., A;  m * j ' ’ 

Again  S2  represents  the  set  of  samples  whose  cluster  center  is  c,. 

Step  3:  Any  S with  fewer  than  P members  are  discarded  and  A is  reduced  by  1 . 

Step  4:  Cluster  centers  Cj  ,j  = 1,2,  ...,  A,  are  updated  using  the  new  mean  of  the  sample 
sets  Sj. 
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Step  5:  The  average  distance  D.  of  elements  in  Sj  are  computed  from  the  cluster  center  Cj 


where  is  the  number  of  samples  in  S} 

Step  6:  The  overall  average  distance  D of  the  elements  from  their  respective  cluster 
centers  are  computed  by 


Step  7: 

(a)  If  this  is  the  last  iteration,  i.e.,  if  / is  reached,  then  set  L = 0 and  go  to  Step  11. 

(b)  If  N < K/2,  go  to  Step  8 

(c)  If  an  even-numbered  iteration  is  reached,  or  N > 2 K,  go  to  Step  1 1 ; 
otherwise  continue. 

Step  8:  The  standard  deviation  vector  oj  = ( atj  a2p  ...,  anj ) for  each  sample  set  is 
derived 

Step  9:  The  maximum  component  (ojmax)  of  each  opj  = 1,  2,  ...,  N,  is  determined. 


using 


(4.6) 


(4.7) 


Step  10:  If  for  any  j,  (j  - 1,2 TV),  ojmax  > SD  and 


j max 


(a)  Dj  > D and  Nj  > 2 (P  + 1 ) 
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or 

(b)  N < K/2, 

then  Cj  is  split  into  two  new  cluster  centers  (Cj+  and  Cj‘ ),  Cj  is  deleted,  and  N is 
increased  by  1 . Cluster  center  Cj+  is  formed  by  adding  a fraction  of  o]  max  to  Cj, 
while  Cj'  is  formed  by  subtracting  that  quantity  from  Cj.  If  splitting  took  place  in 
this  step,  then  go  to  Step  2;  otherwise  continue: 

Step  11:  The  pairwise  distances  Du  between  the  cluster  centers  are  computed; 

Du  = K - Cj\\,  i = 1,2,..., (AT-  1);  j = (i  + 1 (4.8) 

Step  12:  The  distances  Dlf  are  compared  against  L,  the  lumping  parameter,  and  the  AT 
smallest  distances  which  are  less  than  L are  arranged  in  ascending  order. 

Step  13:  Since  for  each  distance  there  is  associated  a pair  of  clusters,  a pairwise  lumping 
operation  is  performed  starting  with  the  smallest  distance. 

Step  14:  The  algorithm  is  terminated  if  this  is  the  last  iteration.  Otherwise  go  to  Step  1 
or  Step  2 depending  on  whether  parameters  are  to  be  changed. 

Parameter  values  used  in  the  ISODATA  classification  are  given  in  Fig.  4-8.  These 
correspond  to  parameters  outlined  above  as  follows;  K = 100,  P = 30,  SD  = 3.0,  L = 3.2, 
and  / = 20.  The  parameter  that  specifies  the  maximum  number  of  pairs  of  cluster  centers 
that  can  be  lumped,  AT,  is  not  entered  directly  but  is  calculated  from  the  value  entered  for 
‘Minimum  Distance  for  Chaining.’  Output  from  classification  included  a classified  raster, 
a distance  raster,  and  statistical  report. 
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Classification  Results  and  Interpretation 

Classification  of  the  eighteen  TM  bands  (3  dates,  6 bands  each)  of  San  Joaquin 
Valley  data  was  completed  in  approximately  80  hours  using  a 486-66  MHz  IBM  PC  with 
16  MB  of  RAM.  The  100  requested  classes  were  all  returned.  Output  included  the 
classified  and  distance  rasters  shown  in  Fig.  4-9.  In  the  distance  raster,  the  closeness  of 
each  data  element  to  its  respective  class  center  is  indicated  by  the  grey-level  intensity  of 
the  pixel.  The  closer  the  data  element  is  to  its  class  center  the  darker  the  pixel  and 
therefore  pixels  that  fell  close  to  the  mean  of  their  classes  were  black.  Pixels  in  the 
location  of  the  Sierras  at  the  top  right  corner  of  the  image  and  the  coastal  mountains  at  the 
bottom  left  corner  are  the  darkest  indicating  a high  proportion  of  “good”  fits  within  these 
classes. 

Clues  to  the  identity  of  most  of  the  features  classes  (i.e.,  crop,  natural  vegetation, 
soil,  water)  were  obtained  using  the  ground  truth  information  and  from  an  analysis  of  the 
statistical  report  generated  by  the  classifier.  The  statistical  report  contained  the  mean 
radiance  for  each  band  in  each  class  for  all  three  dates,  the  average  distance  between 
classes,  and  the  percentage  area  occupied  by  each  class.  Table  4-3  shows  a portion  of  the 
statistical  report  along  with  feature  characteristics  and  identities  for  most  of  the  100 
classes.  Radiance  trends  for  each  class  across  the  three  dates  were  used  to  make  these 
determinations.  Changes  in  features  across  dates  were  discerned  by  plotting  mean 
radiance  for  TM  band  3 against  mean  radiance  for  TM  band  4.  Sometimes,  mean  radiance 
is  converted  to  percent  reflectance  before  plotting.  In  these  radiance  or  reflectance  plots, 
one  can  imagine  a line  running  diagonally  across  the  data  that  delineates  certain 
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characteristic  zones  (Fig  4-10)  and  that  can  assist  in  interpreting  temporal  trends  in  the 
data  (Engvall  et  al.  1977,  Richardson  & Weigand  1977,  Curran  1983,  Jensen  1986). 
Trends  in  radiance  for  the  100  classes  from  the  San  Joaquin  Valley  classification  are  given 
in  groups  of  ten  in  Fig.  4-11. 

The  final  step  of  the  classification  involved  the  aggregation  of  similar  classes  based 
on  the  supporting  data  gathered.  This  process  was  carried  out  manually  using  the  color 
editing  procedure  in  TNTmips™  . The  raster  that  resulted  is  presented  in  Fig  4- 12a.  The 
following  examples  are  given  as  illustration  of  the  procedures  involved: 

Cotton.  Ground  truth  data  was  used  to  identify  cotton  areas  in  the  classified  raster 
shown  in  Fig  4-9a.  Class  numbers  of  features  in  these  areas  were  noted  and  their  spectral 
patterns  checked  in  Fig.  4-11.  Radiance  trends  for  most  cotton  classes,  e.g.,  classes  18, 

19,  26,  66  and  86,  were  very  similar.  In  April,  mean  radiance  for  cotton  was  close  to  soil 
indicating  the  presence  of  bare  soil  in  these  fields  since  plants  had  not  yet  covered  the 
ground.  The  June  pattern  suggested  an  increase  in  greenness  and  very  little  soil  since 
plants  by  this  time  had  almost  completely  covered  the  ground.  In  October,  there  was  a 
shift  away  from  green  matter  toward  dry  vegetation  and  soil.  This  probably  resulted  from 
the  defoliation  of  cotton. 

Natural  areas,  resident  vegetation  and  classes  in  soil.  The  hilly  terrains  in  the  top 
right-hand  and  lower  left-hand  corners  of  the  image  in  Fig.  4-5  make  it  fairly  easy  to 
identify  and  group  all  natural  vegetation  and  resident  vegetation  classes,  and  classes  near 
soil.  Another  look  at  Fig.  4-5  shows  that  these  areas  were  green  in  April,  purple  in  June, 
and  contained  a mixture  of  green  and  purple  in  October.  These  color  changes  suggested  a 
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shift  away  from  green  matter  in  April  toward  bare  soil  in  June  and  a mixture  of  both 
features  in  October.  These  observations  were  confirmed  by  the  radiance  plots  that 
showed  unique  trends  for  natural  and  resident  vegetation.  For  example,  from  April  to 
June,  the  curves  for  classes  11,  13,  15,  16,  59,  and  63  were  almost  flat  (horizontal)  in  the 
direction  of  the  soil  line.  The  flat  nature  indicated  the  presence  of  some  green  matter  on 
the  ground  in  April  and  an  increase  in  soil  brightness  as  summer  approached.  In  October, 
a gentle  shift  away  from  soil  toward  green  matter  was  observed  probably  because 
conditions  became  cooler  and  wetter.  There  were  very  few  cases  of  pure  soil  classes  (e.g., 
classes  60,  64,  70).  Other  classes  were  placed  in  an  “In  Soil”  group  since  their  radiance 
plots  indicated  bare  soil  on  two  of  the  three  dates  (e.g.,  classes  31  and  32). 

Classes  in  or  near  water.  Water  bodies  and  wet  areas  are  unique  and  can  usually 
be  identified  before  the  data  are  classified.  Water  absorbs  all  light  and  therefore  is  the 
darkest  feature  on  an  unclassified  image  in  which  TM  bands  5,  4,  3 are  coded  in  RGB.  In 
Fig.  4-5,  water  bodies  can  be  seen  at  the  top  of  the  image  near  the  left  corner  and  at  the 
bottom  near  the  right  corner.  In  April,  mean  radiance  for  most  water  classes  was  on  or 
close  to  the  origin  of  the  radiance  plots.  A shift  away  from  the  wetness  zone  occurred 
between  June  and  October  as  these  curves  ran  parallel  to  the  soil  line  but  on  the  green 
side.  This  suggested  an  increase  in  vegetative  matter  (weeds  in  water  etc.)  in  the 
signature.  Deviations  where  they  occurred  were  due  mainly  to  the  interaction  of  water 
with  soil. 

Overlapping  and  undetermined  classes.  In  Table  4-3,  several  classes  were 
undetermined  and  some  classes  overlapped.  This  highlights  one  of  the  problems  with 
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unsupervised  classification  in  that  it  is  very  difficult  to  distinguish  between  features  in 
heterogeneous  agricultural  systems  that  have  very  similar  spectral  characteristics. 
Unsupervised  classification  has  proven  to  be  most  useful  for  distinguishing  broad 
landscape  features  such  as  between  agriculture,  water,  urban  and  different  types  of  forest 
cover  types. 

San  Joaquin  Valley  Resource  Map 

Limitations  on  computer  software  and  hardware  make  it  unlikely  that  resource 
maps  consisting  of  3510  by  3510  pixels  can  be  used  efficiently  in  SEPMs.  One  solution  to 
this  problem  is  to  decrease  the  size  of  the  map  while  retaining  much  of  the  information 
contained  therein.  To  do  this,  the  classified  raster  can  be  resampled  to  a coarser  grain 
(i.e.,  resolution  is  decreased).  The  San  Joaquin  Valley  raster  obtained  after  class 
aggregation  (Fig.  4- 12a)  was  therefore  filtered  using  a 3 x 3 majority  filter  to  smooth  the 
data,  and  resampled  to  128  x 128  pixels  (Fig.  4- 12b).  The  approximate  new  cell  size  of 
the  map  is  822.8  m x 822.8  m as  apposed  to  the  original  cell  size  of  28.5  m x 28.5  m.  Cell 
size  is  important  because  the  insect’s  standard  deviation  of  dispersal  in  the  dispersal 
kernels  depend  on  this  value. 

Feature  Classification:  The  Imperial  Valley  Agricultural  System 
Data  Acquisition 

Four  Landsat  TM  subscenes  on  the  Imperial  Valley,  California,  were  purchased 
from  EOS  AT.  These  data  were  collected  by  Landsat  on  August  31,  1994,  December  21, 
1994,  February  23,  1995,  and  May  30,  1995,  and  were  taken  from  scenes  that  had  their 
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centers  located  at  Path  39:Row  37  in  the  Index  shown  in  Fig.  4-3.  Each  subscene  was 
imported,  converted  to  raster  format,  and  prepared  for  display  and  analysis  with  the  map 
and  image  processing  software,  TNTmips™.  Three  TM  bands  (5,4,3)  from  each  date 
were  coded  in  RGB  and  presented  in  Fig.  4-13.  Changes  in  vegetation  intensity  across  the 
four  dates  are  evident  from  the  amount  of  green  in  these  images.  Unlike  the  San  Joaquin 
data  however,  each  Imperial  Valley  raster  was  rotated  counterclockwise  10°  (top  to  north) 
so  that  the  Landsat’s  path  is  not  evident. 

The  choice  of  subscenes  was  influenced  by  several  factors.  First,  the  data  had  to 
cover  the  yearly  crop  cycle  in  the  valley.  Secondly,  ground  truth  data  in  the  valley  were 
collected  on  September  1,  1994,  December  10-11,  1994,  February  1-2,  1995,  and  May 
13-14,  1995.  Subscene  dates  had  to  therefore  be  within  approximately  two  weeks  of  the 
respective  ground  truth  data  collection  date  for  these  data  to  be  useful.  Finally,  subscene 
acquisition  dates  were  influenced  by  the  16-day  cycle  of  Landsat  and  by  cloud  cover 
considerations  on  those  days.  Based  on  cloud  cover  information  from  EOSAT  and  the 
ground  truth  dates,  the  four  representative  subscenes  were  chosen. 

Preprocessing  and  Supporting  Data 

The  size  of  each  data  set  was  checked  for  consistency  before  georeferencing  was 
carried  out  with  TigerLine  reference  data.  TigerLine  data  are  prepared  by  the  Bureau  of 
the  Census  in  cooperation  with  the  U.S.  Geological  Survey  (USGS).  The  match  between 
the  TigerLine  data  and  the  Landsat  TM  data  after  georeferencing  is  observed  in  Fig.  4-14. 

Ground  truth  information  was  used  to  create  training  sets  for  the  supervised 
classification  process.  The  central  position  at  each  sample  site  was  recorded  using  a 
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GARMIN  GPS  50  Personal  Navigator™  (Garmin  International,  Lenexa,  KS  66219)  so 
that  these  sites  could  be  located  on  the  relevant  subscene  (Fig  4-15).  Each  point  in  the 
images  in  Fig.  4-15  identifies  a field  or  road  intersection  and  therefore  records  four  or 
more  crop  types. 

The  training  sets  created  with  the  ground  truth  data  were  rasters  prepared  with  the 
feature  mapping  procedure  in  TNTmips™.  Representative  sample  pixels  for  each  feature 
identified  by  the  ground  truth  data  were  chosen  in  the  image  and  assigned  to  that  feature 
class  (Fig  4- 16a),  until  all  observed  features  were  recorded.  An  image  of  a training  raster 
created  with  the  feature  mapping  process  shown  in  Fig.  4- 16a  is  given  in  Fig  4- 16b. 

The  “purity”  of  samples  chosen  in  each  training  class  is  important  for  accurate 
classification.  This  was  checked  by  running  the  training  data  through  a few  preliminary 
classifications  and  making  revisions  to  the  samples  where  needed.  Since  this  process  was 
expected  to  be  rather  time  consuming  because  it  had  to  be  done  individually  for  each  date 
using  six  TM  bands  at  every  revision,  data  requiring  shorter  processing  time  were  needed. 
This  reduction  in  processing  time  could  be  achieved  if  the  dimension  of  the  original  TM 
could  be  reduced  without  loss  of  information.  Principal  Components  Analysis  (PCA)  was 
used  to  achieve  this  reduction  by  transforming  the  six  highly  correlated  TM  bands  for  each 
date  into  six  uncorrelated  PC  bands  that  had  most  of  the  variability  in  the  original  data 
contained  within  the  first  PC  band  (Byrne  et  al.  1980,  Richards  1984,  Manly  1986,  Fung 
et  al.  1987,  Dunteman  1989).  Analysis  of  the  four  Imperial  Valley  TM  data  sets  indicated 
that  more  than  98%  of  the  total  variability  in  each  data  set  was  contained  in  the  first  three 
PC  bands  (Table  4-4)  and  therefore  these  bands  were  used  to  prepare  the  training  data 
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before  final  classifications  were  undertaken.  RGB  rasters  of  PCI,  PC2,  and  PC3  for  each 
data  set  are  shown  in  Fig.  4-17. 

Classification  Procedure:  Maximum  Likelihood 

Classification  of  each  data  set  was  performed  separately  using  the  supervised 
Gaussian  Maximum  Likelihood  classification  algorithm  along  with  the  respective  training 
rasters.  The  Maximum  Likelihood  algorithm  assumes  that  the  distribution  of  sample 
values  for  each  class  in  the  training  set  is  Gaussian.  The  algorithm  computes  the 
probabilities  of  data  elements  belonging  to  defined  feature  training  classes  and  assigns 
them  to  the  class  that  has  the  highest  probability  (Tou  & Gonzalez  1974,  Strahler  1980, 
Jensen  1986).  For  example,  for  k-  1...6  TM  bands,  the  pixel  location  in  each  of  5 training 
classes  can  be  represented  by  a vector  of  raster  values,  RVm,  such  that 


y 


0,3 


m = 1,2,3, 


(4.9) 


where  ViJk  is  the  raster  value  for  the  (/'  j) th  cell  in  band  k.  A mean  vector,  Mm,  can  also  be 
determined  for  each  class  with 

Mm  = [P„,l  -Pm, 2 -Pm, 3 --  Pm, J ^ = 1-2-3-  "-j:  (4-10) 


where  nmk  is  the  mean  raster  value  for  class  m in  band  k (Jensen  1986).  In  addition,  a 


covariance  matrix  for  each  class  m can  be  calculated: 
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CV. 


Cmll 

Cm12  • 

' Cmlk 

Cm21 

Cm22  ■ 

■ Cm2k 

C„ml 

Cm„2  • 

• ^ ' mnk 

(4.11) 


Unknown  data  elements  in  the  vector  of  raster  values,  X,  are  placed  into  class  m if,  and 
only  if 

Pm  > Pq,  where  q = 1,2, 3,. ..,5 

and  (4.12) 

pm  = [-0.5  ln(det(CFm))]  - [0.5  - MJT(CVml)(X  - MJ \ 

The  classifier  therefore  computes  the  probabilities,  pm,  of  an  unknown  data  vector,  X, 
belonging  to  each  training  set  class,  and  assigns  these  to  the  class  having  the  largest 
probability  (Jensen  1986). 

Classification  Results  and  Interpretation 

Each  Imperial  Valley  classification  took  approximately  three  hours  to  complete  on 
a Pentium-90  MHz  IBM  PC  with  64  MB  of  RAM.  Output  included  a classified  raster  and 
dendrogram  (Fig.  4-18),  a distance  raster,  and  statistical  reports  consisting  of  data  on  class 
means  and  standard  deviations,  co-occurrence  matrices,  class  distances  between  means, 
covariance  matrices  and  confusion  or  error  matrices. 

Dendrograms  provide  a relative  measure  of  the  distance  at  which  two  classes  are 
no  longer  statistically  separable  and  as  those  in  Fig.  4-18  indicate,  that  with  the  exception 
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of  water,  most  classes  were  generally  only  separable  by  relatively  short  distances.  This 
reflects  strongly  on  the  similar  reflectance  characteristics  of  agricultural  crops  as  a result 
of  their  common  growth  patterns  and  also  on  the  difficulties  in  separating  agricultural 
features  using  remote  sensing. 

The  accuracy  of  the  classification  must  be  assessed  before  confidence  can  be 
attached  to  the  results.  Several  methods  are  available  for  determining  classification 
accuracy  (Hord  & Broone  1976,  Van  Genderen  et  al.  1978,  Rosenfield  et  al.  1982, 
Hudson  & Ramm,  1987,  Congalton  1991,  Richards  1993),  but  the  most  common  rely  on 
the  data  given  in  the  confusion  or  error  matrix. 

Congalton  (1991  p.  36)  defines  a confusion  matrix  as  “a  square  array  of  numbers 
set  out  in  rows  and  columns  which  express  the  number  of  sample  units  (i.e.,  pixels, 
clusters  of  pixels,  or  polygons)  assigned  to  a particular  category  relative  to  the  actual 
category  as  verified  on  the  ground.”  The  confusion  matrix  from  the  classification  of  the 
February  23,  1995  data  is  given  in  Table  4-5  to  demonstrate  some  of  the  characteristics  of 
these  matrices.  Although  not  the  case  for  all  such  matrices,  rows  in  Table  4-5  represent 
the  ground  truth  data,  while  columns  report  the  classification  of  these  data  in  each  class. 
The  probability  that  ground  truth  pixels  in  a class  are  correctly  classified  ( omission  error) 
is  obtained  by  dividing  the  number  of  correctly  classified  pixels  in  that  class  by  the  total 
number  of  ground  truth  pixels  selected  for  that  class.  This  accuracy  estimate  is  called  the 
producer 's  accuracy  and  it  indicates  to  the  producer  of  the  classification  how  well  the 
classification  was  for  each  class  with  the  ground  truth  data  provided.  On  the  other  hand, 
the  probability  that  ground  truth  pixels  classified  in  the  map  actually  represents  that  class 
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on  the  ground  {commission  error)  is  determined  by  dividing  the  total  number  of  correct 
pixels  in  that  class  by  the  total  number  of  pixels  that  were  classified  in  that  class.  This 
accuracy  estimate  is  known  as  user ’s  accuracy  since  it  provides  an  estimate  of  the 
reliability  users  should  have  in  the  classification.  Finally,  by  dividing  the  sum  of  the  major 
diagonal  elements  of  the  matrix  (total  correct  pixels)  by  the  total  number  of  pixels,  an 
estimate  of  overall  accuracy  of  the  classification  is  obtained. 

Another  measure  of  accuracy  that  is  derived  from  the  confusion  matrix  is  the 
Kappa  statistic  (k)  (Hudson  & Ramm  1987,  Congalton  1991,  Richards  1993).  This 
estimate  is  calculated  as 


k = 


(4-12), 


where  k is  the  length  of  the  error  matrix,  i and  j are  row  and  column  indices,  x is  an 
element  in  the  matrix,  and  N is  the  total  number  of  pixels.  Unlike  overall  accuracy  that 
considers  only  the  elements  of  the  major  diagonal,  k indirectly  incorporates  the  off- 
diagonal  elements  and  hence  often  does  not  agree  with  the  overall  accuracy  estimate. 
Accuracy  estimates  for  the  four  Imperial  Valley  classifications  are  given  in  Table  4-6. 
Imperial  Valley  Resource  Maps 

The  large  sizes  of  the  classified  rasters  prohibit  their  use  directly  in  the  SEPMs. 
The  Imperial  Valley  maps  were  therefore  clipped  to  exclude  most  of  Mexico,  filtered  with 
a 3 x 3 majority  filter,  and  resampled  to  100  x 100  raster  cells.  The  cell  size  of  the  final 
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resource  maps  in  Fig.  4-19  was  778  m x 778  m (~  0.5  mi  x 0.5  mi  = quarter  section).  One 
disadvantage  of  clipping,  filtering  and  resampling  is  that  some  low  frequency  classes  are 
removed  from  the  final  map.  For  example,  Watermelon  (Early)  and  Oats  (Harv.)  were 
removed  from  the  May  30,  1995  classified  raster  after  the  above  processes  were 
performed  (Fig.  4-18g  & Fig.  4-19d). 

Experimental  Resource  Maps 

The  ability  to  experiment  with  various  habitat  structures  is  one  of  the  major 
advantages  of  SEPMs.  Changes  can  easily  be  made  to  the  farm-level  resource  map  for 
whiteflies  at  Pine  Island  Organics.  Such  changes  might  for  example  include  the  removal  of 
the  sugarcane  barriers  or  the  grouping  of  similar  crop  types  within  fields.  Changes  in 
structure  can  similarly  be  made  to  the  maps  generated  from  remotely  sensed  data.  The 
following  MATLAB™  code  for  example  removes  resource  i from  the  resource  matrix  X 
and  replaces  it  with  resource  j\ 

X=X.  *(X~=  i ) + j*(X=  = i ) (4. 13). 

The  structure  of  the  resource  map  can  therefore  be  altered  by  replacing  or  rearranging  the 
resources,  and  the  effects  of  these  changes  on  insect  dynamics  can  then  be  tested  within 
the  spatially  explicit  model  framework. 


Discussion 

The  dynamics  of  insects  are  directly  affected  by  the  structure  of  their  habitat  and 
therefore  by  the  resource  map  that  represents  this  habitat.  It  is  important  that  these  maps 
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accurately  represent  features  on  the  ground.  Direct  information  on  farm  structure  and 
resource  types  for  Pine  Island  Organics  were  used  to  create  the  SLW  resource  map  and 
therefore  this  map’s  accuracy  was  expected  to  be  very  good.  On  the  other  hand,  for  the 
San  Joaquin  Valley  and  Imperial  Valley,  data  were  collected  by  remote  sensing  that  is 
often  subject  to  environmental  and  technical  problems.  These  data  are  therefore  likely  to 
be  less  accurate  and  so  would  be  the  resource  maps  created  from  them.  In  addition, 
reliance  on  mathematical  software  algorithms  to  categorize  ground  features  could  also 
create  problems  in  the  identification  of  ground  features  as  was  observed  in  the  San  Joaquin 
classification. 

The  more  a priori  information  that  is  available,  the  greater  confidence  there  will  be 
in  the  results  obtained  from  feature  classification.  If  for  example  remotely  sensed  data  on 
an  area  were  available  for  each  day,  and  extensive  ground  truth  data  collection  was 
undertaken,  classification  accuracy  should  approach  100%.  Although  this  was  not  the 
case  in  the  Imperial  Valley  classifications,  Overall  accuracies  were  96-98%  (Table  4-6).  It 
should  be  pointed  out  that  these  accuracy  figures  are  based  on  the  assumption  that  the 
ground  truth  data  were  correct  (Congalton  1991).  One  could  obtain  high  accuracies  using 
incorrect  data. 

Data  collection  is  generally  an  expensive  exercise,  especially  if  data  are  to  be 
collected  in  large  agricultural  areas.  Also,  the  cost  of  Landsat  TM  data  may  be  prohibitive 
to  many  potential  users.  Today,  full-scenes  (170  km  x 185  km)  and  subscenes  (100  km  x 
100  km)  purchased  from  EOSAT  cost  US  $4400  and  $3100  respectively,  with  half-  price 
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offered  for  any  other  two  data  sets  on  the  same  site  ordered  at  the  same  time.  The  four 
Imperial  Valley  subscenes  cost  $9300. 

The  timeliness  of  remotely  sensed  satellite  data  is  affected  by  Landsat’s  revisit 
period  of  16  days  and  atmospheric  occurrences  such  as  heavy  cloud  cover.  The  revisit 
period  problem  may  be  corrected  in  the  near  future  with  faster  access  to  less  expensive 
high  quality  real-time  data.  This  fact  was  emphasized  at  a conference  entitled.  Land 
Satellite  Information  in  the  Next  Decade,  held  in  Vienna,  Virginia,  in  September  1995  that 
was  sponsored  by  the  American  Society  for  Photogrammetry  and  Remote  Sensing 
(ASPRS),  and  co-sponsored  by  the  National  Aeronautics  and  Space  Administration 
(NASA),  United  States  Geological  Suvey  (USGS),  and  the  National  Oceanic  and 
Atmospheric  Administration  (NOAA).  At  that  conference,  a list  of  land  data  satellites 
planned  for  the  next  decade  was  presented  (Table  4-7).  In  all,  twenty-three  land  data 
satellites  are  planned  for  the  next  decade,  and  funding  for  ten  of  these  will  most  likely 


come  from  the  US  government. 
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Table  4-1 . Characteristics  of  remotely  sensed  Landsat  Thematic  Mapper  data. 


TM 

Band 

Wavelength 
Range  (pm) 

Spectral 

Location 

Resolution 

(m) 

General  Description  of  Uses 

1 

0.45-0.52 

Blue-green 

30 

Good  penetration  of  water. 
Useful  for  discriminating  soil 
from  vegetation.  Sensitive  to 
atmospheric  haze  and  smoke. 

2 

0.52-0.60 

Green 

30 

Corresponds  to  green 
reflectance  of  healthy 
vegetation.  Can  be  used  to 
discriminate  broad  classes  of 
vegetation.  Sensitive  to  water 
turbidity  differences. 

3 

0.63  - 0.69 

Red 

30 

Senses  strong  chlorophyll 
absorption  region.  Useful  for 
vegetation  discrimination.  Has 
a strong  reflectance  for  most 
soils. 

4 

0.76-0.90 

Near 

Infrared 

30 

Distinguishes  vegetation 
varieties  and  conditions.  Water 
is  a strong  absorber  of  NIR,  so 
this  band  is  useful  for  locating 
and  delineating  water  bodies 
and  soil  moisture  conditions. 

5 

1.55  - 1.75 

Mid 

Infrared 

30 

Responsive  to  changes  in  plant 
water  content  and  vigor.  Also 
useful  for  discriminating 
different  plant  species  and  soil 
moisture  content. 

6 

10.40-12.50 

Thermal 

120 

Good  for  thermal  mapping 
applications,  and  vegeation 
stress  analysis. 

7 

2.08-2.35 

Mid 

Infrared 

30 

Sensitive  to  moisture  variations 
in  both  vegetation  and  soils. 
Good  for  discriminating 
minerals  and  soils  types. 

Sources:  Jensen  (1986),  Quattrochi  & Pelletier  ( 1991),  Avery  & Berlin  (1992). 
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Table  4-2.  Green  Soil,  Bright  Soil  and  Dark  Soil  sample  values  obtained  from  raster 
correlation,  that  were  used  in  the  Graham-Schmidt™  Orthogonalization  transformations 
of  the  San  Joaquin  Valley  Landsat  TM  subscenes. 


Subscene  Acquisition 
Date 

Parameter 

X axis  (Red 
band)  sample 
values 

Y axis  (NIR 
band)  sample 
values 

April  27,  1993 

Green  Soil 

16 

208 

Bright  Soil 

122 

130 

Dark  Soil 

19 

16 

June  30,  1993 

Green  Soil 

17 

224 

Bright  Soil 

158 

176 

Dark  Soil 

23 

12 

October  20,  1993 

Green  Soil 

20 

241 

Bright  Soil 

155 

168 

Dark  Soil 

14 

10 

137 


Table  4-3.  Mean  radiance  for  TM  bands  3 and  4,  and  feature  class  characteristics  from 
the  ISODATA  classification  of  Landsat  TM  data  on  the  San  Joaquin  Valley. 


Class 

Average 

Distance 

April  27 
Mean 
TM3  TM4 

June  30 
Mean 
TM3  TM4 

October  20 
Mean 
TM3  TM4 

Class  Feature  Name 
or  Characteristics a 

1 

0 

0 

0 

0 

0 

0 

0 

Image  background 

2 

142 

36 

49 

37 

73 

38 

76 

In  soil  to  green  vegetation 

3 

173 

36 

77 

29 

81 

51 

79 

Resident  vegetation 

4 

139 

38 

89 

42 

144 

69 

80 

Safflower 

5 

191 

21 

19 

24 

28 

26 

32 

In  or  near  wet  soil 

6 

110 

27 

94 

30 

111 

18 

93 

Natural 

7 

117 

2 

9 

1 

2 

77 

105 

In  water  to  dry  soil 

8 

187 

48 

100 

43 

124 

88 

109 

Tomato 

9 

125 

14 

82 

43 

78 

35 

71 

Natural 

10 

131 

1 

1 

59 

111 

1 

2 

In  water  to  green  vegetation 

11 

110 

40 

84 

61 

83 

63 

86 

Natural 

12 

135 

45 

108 

82 

106 

74 

98 

Natural 

13 

122 

21 

83 

51 

80 

54 

85 

Natural 

14 

225 

9 

13 

58 

100 

61 

98 

In  water  to  green  vegetation 

15 

123 

28 

94 

63 

89 

83 

111 

Natural 

16 

195 

25 

123 

93 

116 

125 

145 

Natural 

17 

139 

49 

98 

67 

115 

50 

102 

Natural 

18 

109 

53 

59 

56 

100 

67 

105 

Cotton 

19 

123 

66 

74 

46 

124 

67 

110 

Cotton 

20 

163 

69 

94 

32 

100 

34 

94 

Watermelon 

21 

180 

51 

81 

34 

148 

31 

19 

Alfalfa/Safflower 

22 

144 

59 

75 

28 

110 

62 

94 

Safflower 

23 

148 

50 

71 

16 

139 

75 

97 

Safflower 

24 

155 

85 

98 

42 

117 

56 

106 

Cotton 

25 

126 

62 

76 

26 

121 

45 

92 

Cotton 

26 

118 

55 

61 

28 

92 

57 

103 

Cotton 

27 

152 

65 

85 

55 

108 

74 

102 

Soil 

28 

129 

65 

81 

66 

100 

62 

100 

In  Urban 

29 

106 

54 

58 

43 

105 

46 

94 

Cotton 

30 

136 

71 

88 

90 

102 

90 

103 

Urban 

31 

125 

63 

78 

47 

118 

51 

98 

Soil 

32 

163 

70 

92 

70 

113 

37 

106 

In  Soil 

33 

120 

9 

70 

28 

76 

17 

54 

Natural  (wet) 

34 

123 

19 

102 

23 

109 

29 

97 

??? 

35 

151 

14 

116 

53 

83 

59 

86 

Natural 

138 


Table  4-3 --continued 


Class 

Average 

Distance 

April  27 
Mean 
TM3  TM4 

June  30 
Mean 
TM3  TM4 

October  20 
Mean 
TM3  TM4 

Class  Feature  Name 
or  Characteristics3 

36 

164 

18 

139 

83 

113 

83 

98 

Safflower/Garbanzo 

37 

24 

31 

92 

37 

108 

38 

94 

Natural 

38 

107 

16 

107 

17 

121 

13 

100 

Alfalfa 

39 

213 

20 

132 

42 

124 

108 

123 

Safflower  to  soil 

40 

135 

16 

162 

17 

165 

40 

120 

Cotton 

41 

158 

20 

131 

82 

104 

57 

68 

Wheat/Garbanzo 

42 

167 

19 

136 

122 

148 

65 

75 

Wheat 

43 

165 

21 

126 

75 

95 

75 

94 

??? 

44 

199 

26 

128 

125 

146 

106 

123 

Wheat 

45 

173 

18 

122 

63 

87 

24 

106 

??? 

46 

124 

37 

95 

46 

118 

26 

91 

Resident  vegetation 

47 

126 

43 

104 

82 

105 

101 

128 

Natural 

48 

181 

60 

111 

109 

125 

109 

127 

In  or  near  soil 

49 

5 

254 

254 

0 

0 

0 

0 

Dry  soil  to  water 

50 

125 

45 

83 

33 

118 

32 

88 

Natural 

51 

140 

49 

78 

64 

88 

65 

90 

Natural 

52 

133 

60 

71 

30 

164 

74 

85 

Tomato 

53 

185 

49 

93 

4 

5 

4 

5 

In  green  soil  to  water 

54 

131 

42 

94 

24 

137 

20 

92 

Apples 

55 

182 

75 

92 

23 

132 

88 

110 

Cotton 

56 

141 

46 

107 

48 

119 

57 

106 

Resident  vegetation 

57 

132 

44 

81 

51 

101 

37 

85 

??? 

58 

147 

54 

90 

74 

101 

0 

1 

Dry  green  soil  to  water 

59 

94 

48 

90 

70 

92 

83 

107 

Natural 

60 

141 

64 

98 

77 

112 

67 

103 

In  Soil 

61 

178 

96 

111 

95 

134 

62 

114 

Grape 

62 

109 

64 

104 

58 

131 

45 

101 

Grape 

63 

121 

57 

103 

85 

107 

93 

117 

Natural 

64 

238 

104 

120 

119 

130 

119 

133 

In  dry  soil 

65 

125 

47 

59 

56 

80 

51 

67 

In  Urban 

66 

125 

46 

62 

39 

107 

52 

90 

Cotton 

67 

129 

80 

106 

68 

133 

57 

108 

Almonds/ Apples 

68 

120 

53 

63 

28 

157 

57 

65 

Tomato 

69 

114 

54 

58 

29 

114 

40 

109 

Tomato 

70 

157 

70 

94 

89 

107 

93 

113 

Soil 

71 

114 

43 

45 

36 

89 

60 

98 

Cotton 

139 


Table  4-3— continued 


Class 

Average 

Distance 

April  27 
Mean 
TM3  TM4 

June  30 
Mean 
TM3  TM4 

October  20 
Mean 
TM3  TM4 

Class  Feature  Name 
or  Characteristics3 

72 

94 

54 

57 

38 

120 

64 

114 

Cotton/W  atermelon 

73 

126 

56 

68 

68 

80 

63 

75 

Urban 

74 

128 

44 

94 

59 

105 

52 

95 

Near  Soil/Urban 

75 

135 

64 

79 

80 

92 

78 

91 

In  Soil/Pistachios 

76 

167 

90 

108 

91 

116 

88 

113 

??? 

77 

127 

57 

63 

61 

98 

41 

112 

Soil  to  Cotton 

78 

185 

23 

100 

66 

97 

6 

4 

Green  to  soil  to  water 

79 

153 

33 

66 

27 

153 

42 

61 

Beet 

80 

153 

37 

113 

26 

138 

16 

195 

??? 

81 

210 

22 

131 

99 

120 

30 

119 

Spring/Fall  crop 

82 

153 

14 

164 

55 

111 

18 

189 

Spring/Fall  crop 

83 

162 

24 

140 

46 

126 

40 

131 

??? 

84 

193 

69 

94 

25 

148 

24 

159 

Summer  crop 

85 

127 

5 

160 

16 

166 

17 

187 

Raisin  grape 

86 

133 

42 

58 

19 

118 

43 

78 

Cotton 

87 

192 

43 

53 

49 

51 

46 

49 

Urban 

88 

119 

59 

101 

48 

134 

29 

91 

Grape 

89 

164 

72 

110 

78 

93 

32 

176 

In  soil  to  green  vegetation 

90 

147 

57 

62 

55 

89 

26 

154 

In  soil  to  green  vegetation 

91 

95 

0 

2 

1 

2 

39 

93 

In  water  to  green  vegetation 

92 

200 

25 

96 

2 

3 

40 

95 

In  water  to  green  vegetation 

93 

205 

82 

103 

52 

123 

104 

123 

In  green  soil 

94 

217 

16 

9 

31 

21 

85 

130 

In  water  to  green  vegetation 

95 

236 

60 

88 

7 

9 

60 

99 

In  green  wet  soil  and  water 

96 

154 

38 

115 

23 

148 

39 

120 

Alfalfa 

97 

153 

42 

111 

54 

112 

19 

184 

??? 

98 

166 

15 

152 

37 

156 

60 

70 

Beet/  Safflower 

99 

187 

20 

128 

25 

138 

77 

98 

Beet 

100 

368 

23 

18 

43 

41 

174 

179 

In  water  to  dry  soil 

???  - features  or  characteristics  are  undetermined. 
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Table  4-4.  Factor  loadings  and  correlation  between  Landsat  TM  bands  and  Principal 
Component  axes  for  Landsat  TM  data  on  the  Imperial  Valley,  California. 


Subscene  TM  PCI  PC2  PC3  PC4  PC5  PC6 

Date  Band 


Aug.  31,  1994  1 

2 

3 

4 

5 
7 

Factor  Loading  (%) 

Dec.  21,  1994  1 

2 

3 

4 

5 
7 

Factor  Loading  (%) 

Feb.  23,  1995  1 

2 

3 

4 

5 
7 

Factor  Loading  (%) 

May  30,  1995  1 

2 

3 

4 

5 
7 

Factor  Loading  (%) 


0.9033 

0.3202 

0.9512 

0.2337 

0.9608 

0.2257 

0.7775 

-0.5207 

0.9776 

-0.1459 

0.9580 

0.0659 

88.10 

6.54 

0.9052 

0.1340 

0.9535 

0.0844 

0.9664 

0.1281 

0.7511 

-0.6540 

0.9837 

-0.0041 

0.9618 

0.1634 

88.36 

6.36 

0.8908 

0.1778 

0.9418 

0.1295 

0.9518 

0.1834 

0.4435 

-0.8870 

0.9791 

-0.0514 

0.9659 

0.1430 

81.55 

12.56 

0.8906 

0.2525 

0.9445 

0.1821 

0.9590 

0.1846 

0.5897 

-0.7782 

0.9751 

-0.1029 

0.9512 

0.1472 

83.50 

10.13 

0.2583 

-0.1009 

-0.1832 

0.0205 

-0.0861 

0.0965 

-0.3457 

0.0578 

0.1333 

-0.0624 

0.2496 

0.0788 

4.32 

0.57 

-0.3842 

-0.0730 

-0.2696 

0.0206 

-0.1806 

0.0602 

-0.0770 

0.0447 

0.1645 

-0.0716 

0.1671 

0.1260 

4.21 

0.61 

0.3982 

0.0950 

0.2969 

-0.0084 

0.2149 

-0.0791 

0.1237 

-0.0331 

-0.1856 

0.0616 

-0.1688 

-0. 1 1 1 1 

4.97 

0.56 

0.3567 

0.1039 

0.2603 

-0.0235 

0.1396 

-0.1482 

0.2091 

0.0278 

-0.1833 

-0.0261 

-0.2261 

0.1089 

5.11 

0.73 

-0.0657 

-0.0170 

0.0089 

0.0803 

0.0940 

-0.0173 

-0.0374 

-0.0036 

0.0355 

0.0011 

-0.0964 

-0.0018 

0.42 

0.05 

-0.0961 

-0.0207 

0.0222 

0.1004 

0.1138 

-0.0238 

-0.0135 

-0.0038 

0.0130 

0.0012 

-0.0663 

-0.0017 

0.38 

0.07 

-0.0844 

-0.0158 

0.0302 

0.0845 

0.0869 

-0.0212 

-0.0106 

-0.0017 

0.0211 

-0.0005 

-0.0756 

0.0018 

0.31 

0.05 

-0.0691 

0.0151 

0.0264 

-0.0756 

0.0669 

0.0173 

0.0461 

0.0029 

-0.0664 

-0.0017 

0.1024 

0.0022 

0.49 

0.04 

Table  4-5.  Confusion  matrix  and  accuracy  estimates  from  classification  of  the  February  23,  1995  Landsat  TM  data  on  the  Imperial 
Valley,  CA. 


141 


0s 

~d 

o 


cd 

•4-* 

O 

H 


Oh 

o 

z 


i4 

C/5 

CO 

a 

0 H, 
8 

CO 


T3 

<D 

<4H 

’co  rO 
co  ^ 
d 


U 


U-, 

W 

Q 

<J 

CQ 


co 

CO 

0 


•o 

o 

00 

GO 

o 

CO 

o 

CO 

so 

CN 

o 

o 

r-H 

o 

o 

CO 

00 

m 

SO 

Os 

o 

os 

o 

OS 

r- 

os 

o 

o 

os 

Os 

o 

os 

r- 

os 

'"H 

r-H 

r-H 

4 

Os 

00 

O 

so 

t/0 

in 

N- 

CN 

C~~ 

OS 

in 

r- 

so 

VO 

r- 

in 

r-H 

CO 

CO 

o 

CN 

Os 

00 

l-" 

r-H 

in 

CO 

SO 

so 

00 

Os 

CN 

SO 

OS 

00 

r-H 

CO 

Os 

CN 

00 

00 

r— 1 

r-H 

so 

r-H 

in 

CN 

CO 

r-H 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

N" 

so 

so 

r- 

CO 

r-H 

in 

t-~ 

00 

*— ' 

CO 

in 

r“"< 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

vo 

in 

o 

00 

CN 

CN 

in 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

Os 

o 

o 

Os 

o 

so 

so 

o 

CO 

00 

HH 

so 

so 

CN 

CN 

r-H 

f“H 

o 

o 

00 

o 

CO 

o 

o 

o 

o 

o 

o 

o 

so 

so 

o 

o 

CO 

in 

CO 

1— ( 

r-H 

r- 

00 

CO 

CO 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

(N 

o 

o 

so 

so 

m 

r-H 

N- 

CN 

r-H 

CN 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

in 

o 

o 

o 

o 

o 

in 

o 

1— H 

r-H 

o 

o 

o 

o 

o 

o 

o 

CO 

o 

o 

Os 

o 

o 

o 

SO 

o 

o 

00 

o 

t" 

00 

Os 

CO 

f" 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

CN 

00 

00 

CO 

CN 

T“H 

CO 

r~ 

00 

o 

o 

CN 

o 

o 

(N 

SO 

o 

o 

o 

o 

o 

o 

CO 

00 

CO 

CO 

r- 

f" 

so 

in 

CO 

CO 

00 

, 

CN 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

’ 1 

1—1 

so 

SO 

o 

CN 

o 

o 

o 

m 

o 

o 

o 

o 

o 

o 

o 

o 

o 

in 

CN 

co 

'sf 

*"H 

SO 

o 

GO 

o 

o 

SO 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

CN 

1 

CO 

SO 

OS 

00 

I/O 

o 

o 

so 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

o 

r_H 

00 

r-H 

o 

CN 

Os 

Os 

Os 

O 

o 

, 

o 

os 

o 

o 

o 

o 

o 

o 

o 

Os 

CN 

o 

o 

l 

f- 

Os 

r— < 

r-H 

m 

00 

00 

in 

SO 

o 

o 

o 

o 

o 

in 

o 

o 

o 

o 

o 

CO 

o 

r-H 

r- 

CN 

I/O 

o 

CO 

CN 

c- 

CN 

00 

r-H 

r— H 

r- 

r-H 

o 

r— h 

o 

o 

in 

H 

o 

o 

o 

r-H 

o 

o 

so 

vo 

in 

o 

CN 

SO 

CN 

00 

r-H 

o 

s© 

■3 

0s 

W-. 

+H 

<D 

A 

B 

C 

D 

E 

Hh 

G 

H 

HH 

*■—3 

Z j 2 z o 

Ph 

o 

H 

c/5 

33 

<D 

c3 

d 

H-J 

u 

43 

ffl 


O 

C/3 

43 

03 

ffl 

II 

u 


.aj 

C+H 

13 

< 

II 

CQ 

'v 

15 

,cd 

Gh 

ra 

4h 

3 

ii 

< 


0) 

CO 

a1 

;a 

3 


<u 

43 


T3 

<D 

G 

.2P 

’co 

CO 

c3 

CO 

<L> 

CO 

CO 

03 


c 

V 

co 

P 

In 

CX 

P 

Uh 

CO 

u 

<u 

-*H 

<§ 


E = Bermuda  (Early),  F = Broccoli,  G = Cabbage,  H = Carrots  (Late),  I = Carrots  (Mid),  J = Lettuce,  K = Onions,  L = Rye, 
M = Urban  etc.,  N = Water,  O = Wheat  (Late),  P = Wheat  (Mid). 

Prod.  % is  Producers  accuracy  for  each  class  (percentages  were  rounded) 

User  % is  Users  accuracy  for  each  class  (percentages  were  rounded) 

Overall  accuracy. 
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Table  4-6.  Classification  accuracy  estimates  for  Landsat  TM  data  on  the  Imperial 
Valley,  California. 


Subscene 

Date 

Feature 

% Accuracy 

Classes 

Producers 

Users 

Overall 

Kappa 

August  3 1 

1994 

Alfalfa  (Cut) 

20.63 

22.54 

98.15 

91.49 

Alfalfa  (Early) 

76.88 

67.77 

Alfalfa  (Late) 

100.00 

100.00 

Alfalfa  (Mid) 

47.30 

91.92 

Asparagus 

93.48 

26.14 

Bare  Soil 

94.42 

99.47 

Bare  Soil  (Wet) 

96.77 

24.39 

Bermuda  (Early) 

90.83 

72.98 

Bermuda  (Late) 

100.00 

45.88 

Bermuda  (Mid) 

80.43 

83.87 

Cotton  (Harv) 

99.07 

89.17 

Cotton  (Late) 

93.72 

86.21 

Sorghum 

100.00 

100.00 

Sudan  (Cut) 

91.64 

75.98 

Sudan  (Early) 

63.38 

57.94 

Sudan  (Mid) 

64.25 

82.48 

Tomato 

100.00 

100.00 

Urban  etc. 

99.38 

98.59 

Water 

99.97 

100.00 

December  2 1 

1994 

Alfalfa  (Cut) 

87.85 

50.95 

96.06 

83.75 

Alfalfa  (Early) 

53.20 

63.28 

Alfalfa  (Grazed) 

95.64 

89.06 

Alfalfa  (Late) 

51.24 

50.96 

Alfalfa  (Mid) 

38.01 

67.75 

Artichokes 

100.00 

92.86 

Asparagus 

100.00 

77.27 

Bare  Soil  (Dry) 

72.46 

84.30 

Bare  Soil  (Wet) 

53.53 

42.52 

Beet  (Mid) 

85.03 

96.75 
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Table  4-6— continued 


Subscene  Feature 

% Accuracy 

Dcitc  Classes 

Producers 

Users  Overall 

Kappa 

Bermuda 

99.14 

99.83 

Brocolli  (Harv) 

100.00 

32.94 

Broccoli  (Mid) 

87.95 

74.57 

Burnt  Field 

100.00 

93.60 

Cabbage  (Mid) 

92.56 

58.64 

Carrots  (Early) 

61.11 

53.66 

Carrots  (Mid) 

69.52 

27.06 

Cauliflower  (Late) 

100.00 

62.50 

Lettuce  (Early) 

75.84 

44.41 

Lettuce  (Late) 

100.00 

44.44 

Lettuce  (Mid) 

84.45 

88.47 

Lettuce  (Mix) 

80.56 

38.93 

Onions  (Early) 

57.42 

25.36 

Rye  (Mature) 

100.00 

58.33 

Sudan 

100.00 

94.59 

Sudan  (Early) 

100.00 

46.15 

Urban  etc. 

67.31 

96.52 

Dry  Vegetation 

85.86 

60.28 

Water 

99.99 

100.00 

February  23 

1995 

Alfalfa  (Late) 

55.26 

85.07  98.40 

87.40 

Alfalfa  (Mid) 

64.62 

71.62 

Bare  Soil 

93.81 

86.78 

Beets  (Late) 

100.00 

98.37 

Bermuda  (Early) 

92.85 

90.97 

Broccoli 

100.00 

72.58 

Cabbage 

93.18 

64.06 

Carrots  (Late) 

75.61 

43.36 

Carrots  (Mid) 

91.95 

24.24 

Lettuce 

100.00 

89.77 

Onions 

100.00 

100.00 

Rye 

91.23 

24.30 

Urban  etc. 

94.05 

84.72 
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Table  4-6— continued. 


Subscene 

Date 


Feature  % Accuracy 

Classes 

Producers Users Overall  Kappa 


May  30 
1995 


Water  99.94  100.00 

Wheat  (Late)  90.26  47.72 

Wheat  (Mid)  72.60  85.91 


Alfalfa  (Late) 

Alfalfa  (Cut) 

Alfalfa  (Mid) 
Asparagus 
Bare  Soil 
Beet 

Bermuda  (Late) 
Bermuda  (Mid) 
Cantaloupe  (Late) 
Cantaloupe  (Mid) 
Carrot  (Late) 

Corn 

Corn  (Dry) 

Corn  (Late) 

Cotton  (Early) 
Watermelon  (Early) 
Watermelon  (Late) 
Oats  (Harv) 

Onions 
Sorghum 
Sudan  (Early) 

Sudan  (Late) 

Sudan  (Mid) 

Urban  etc. 
Resident  Vegetation 
Dry  Vegetation 
Water 

Wheat  (Late) 


44.73 

88.26 

74.25 

26.78 

51.06 

59.36 

95.57 

40.76 

86.10 

74.88 

99.84 

100.00 

95.30 

77.60 

100.00 

94.37 

100.00 

58.82 

73.85 

78.80 

92.11 

67.31 

98.98 

98.98 

96.67 

93.55 

100.00 

94.12 

86.30 

87.07 

100.00 

94.12 

6.47 

64.57 

92.90 

87.27 

96.97 

90.14 

83.06 

91.96 

100.00 

67.86 

87.46 

49.05 

59.22 

94.21 

92.46 

90.39 

99.99 

100.00 

88.67 

60.59 

100.00 

100.00 

90.64 

95.58 

98.07  91.03 
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Table  4-7.  Earth  observation  satellites  planned  for  the  next  decade. 


Country 

Owner a 

Program 

Date 

Resolution  ( 
P M 

m)b 

R 

Color 

Bands 

Type0 

France 

G/O 

Spot  5B 

2004 

5 

10 

4 

F/A 

U.S. 

G/O 

EOS  AM-2  / L-8 

2004 

10 

30 

— 

7 

— 

France 

G/O 

Spot  5A 

1999 

5 

10 

— 

4 

F/A 

India 

G/O 

IRS-1  D 

1999 

10 

20 

— 

4 

C/T 

U.S. 

C/O 

Space  Imaging 

1998 

1 

4 

— 

4 

F/A 

Korea 

G/O 

KOMSAT 

1998 

10 

10 

— 

3 

F/A 

U.S./Japan 

G/O 

EOS  AM-1 

1998 

15 

15 

— 

14 

F/A 

U.S. 

G/O 

Landsat-7 

1998 

15 

30 

— 

7 

— 

ESA 

G/O 

ENVISAT 

1998 

— 

— 

30 

0 

— 

U.S. 

C/O 

Space  Imaging 

1997 

1 

4 

— 

4 

F/A 

U.S. 

C/O 

Eyeglass 

1997 

1 

— 

— 

— 

F/A 

France 

G/O 

Spot  4 

1997 

10 

20 

— 

4 

C/T 

U.S. 

C/O 

EarthWatch 

1997 

1 

4 

— 

4 

F/A 

U.S. 

C/O 

EarthWatch 

1996 

3 

15 

— 

3 

F/A 

U.S. 

G/E 

CTA  Clark 

1996 

3 

15 

— 

3 

F/A 

U.S. 

G/E 

TRW  Lewis 

1996 

5 

30 

— 

384 

— 

Russia 

G/O 

Almaz  2 

1996 

— 

— 

5 

— 

— 

Japan 

G/O 

ADEOS 

1996 

8 

16 

— 

4 

C/T 

China/Brazil 

G/O 

CBERS 

1996 

20 

20 

— 

7 

C/T 

Canada 

G/O 

Radarsat 

1995 

— 

— 

9 

— 

— 

India 

G/O 

IRS-1  C 

1995 

10 

20 

— 

4 

C/T 

China/Brazil 

G/O 

CBERS 

1995 

20 

20 

— 

7 

C/T 

Russia 

G/O 

Resours-02 

1995 

— 

27 

— 

3 

— 

Source:  Conference  on  Land  Satellite  Information  in  the  Next  Decade,  Vienna,  Virginia. 
September  1995. 

a G-  Government  Funded;  C - Commercially  Funded;  0 - Operational;  E - Experimental; 
b M - Multispectral;  R - Radar;  P - Panchromatic; 
c F/A  - Fore  and  Aft  Stereo;  C/T  - Cross  Track  Stereo. 
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icksonuille 


Daytona  Beach 


Sanibel 


Fort  Myers 
Beach 


Palm 

Beach 


Harm 


Fig.  4-1. 


Map  of  Florida  showing  Pine  Island  on  the  west  coast  near  Fort  Myers. 
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b 


Resources  & Indices 


-16  Cucumber 
Zucchini 
14  Zucchini 
Zucchini 
12  Eggplant 


Tomato 

Pepper 

Cucumber 

Tomato 

Pepper 

Eggplant 

Tomato 

Tomato 

Cucumber 

Resident  Vegetation 

Sugarcane 


Fig.  4-2. 


Maps  of  Pine  Island  Organics,  Pine  Island,  FL.  (a)  scaled  map;  (b)  color- 
coded  whitefly  resource  map  created  from  the  scaled-map. 
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R30 


R35 


R40 


P45 


P40 


P35 


Fig.  4-3.  Index  to  Landsat  Worldwide  Reference  Systems  showing  the  United 
States  west  coast  and  part  of  Mexico.  Gray  dots  are  Landsat  scene 
centers  located  along  specific  rows  (R)  and  paths  (P).  The  red  dot  is  the 
scene  center  (P42:R35)  for  the  San  Joaquin  Valley,  CA.  The  magenta  dot 
is  the  scene  center  (P39:R37)  for  the  Imperial  Valley,  CA. 
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a b 


Fig.  4-4.  Images  created  from  Landsat  TM  data  on  Crow  Butte,  Nebraska  (30  July, 
1986).  Original  data  supplied  by  Microimages,  Inc.,  Lincoln,  Nebraska, 
(a)  Normalized  Difference  Vegetation  Index  raster  with  scale  equal  2;  (b) 
Transformed  Vegetation  Index  raster;  (c)  natural  color  image  with  band  3 
(red),  band  2 (green),  and  band  1 (blue)  assigned  to  RGB;  (d)  enhanced 
vegetation  color  image  with  band  5 (Mid  IR),  band  4 ( Near  IR)  and 
band3  (red)  assigned  to  RGB. 


150 


Fig.  4-5.  Landsat  TM  subscenes  of  the  San  Joaquin  Valley,  CA.  Bands  5,  4 and  3 
were  assigned  to  Red,  Green  and  Blue  (RGB).  Each  image  covers 
approximately  100  km  x 100  km  (62  mi  x 62  mi)  and  consists  of  3510  by 
3510  pixels  (cells).  Vegetated  areas  appear  in  green,  non-vegetated  areas 
in  shades  of  red  and  purple,  and  water  bodies  in  black.  Image  dates  are 
(a)  April  27,  1993;  (b)  June  30,  1993;  (c)  October  20,  1993. 


151 


Fig.  4-6.  Results  of  the  Graham-Schmidf™  Orthogonalization  of  TM  data  on  the 
San  Joaquin  Valley,  CA.  (a),  (c),  (e)  Greenness  rasters  for  April  27,  June 
30,  and  October  20,  1993,  respectively.  Areas  with  active  vegetative 
growth  are  whiter,  (b),  (d),  (f)  Soil  brightness  rasters  for  April  27,  June 
30,  and  October  20,  1993,  respectively.  High  intensity  white  indicates 
bare  soil. 
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4-7. 


Ground  truth  data  in  the  San  Joaquin  Valley,  CA.  (a)  Air-Ways  Farms 
Inc.  ranches  and  crop  types;  (b)  ranches  overlaid  on  June  30,  1993  satellite 
image  of  the  valley  (yellow  vector  objects). 


. 4-8. 


Microimages  Inc.  TNTmips™  automatic  classification  window  with 
parameters  used  in  the  ISODATA  classification  of  18  TM  bands  of 
Landsat  data  on  the  San  Joaquin  Valley,  CA. 
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Fig.  4-9.  ISODATA  classification  rasters  for  the  San  Joaquin  Valley,  CA. 

(a)  classified  raster  with  100  classes  assigned  to  different  colors; 

(b)  distance  raster.  Darker  pixels  are  closer  to  their  class  mean  than 
lighter  pixels. 


TM-4  (NIR  Radiance) 
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Fig.  4-10. 


Characteristic  zones  in  a TM  3 (Red)  and  TM  4 (Near  Infrared) 
radiance  plot. 
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TM-3  (Red  Radiance) 


Fig.  4.11.  TM  band  3 and  band  4 radiance  plots  from  the  ISODATA  classification  of 
Landsat  data  on  the  San  Joaquin  Valley,  CA.  Letters  a,  j and  o in  plot 
labels  represent  April  27,  June  30  and  October  20,  1993,  respectively. 
Numbers  next  to  letters  represent  classes  1 to  100;  Classes  are  plotted  in 
groups  of  10  as  (a)  1-10;  (b)  11-20;  (c)  21-30;  (d)  31-40;  (e)  41-50, 

(f)  51-60;  (g)  61-70;  (h)  71-80;  (i)  81-90;  (j)  91-100. 
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Fig.  4-1 1— continued. 
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Fig.  4-1 1—  continued. 
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Fig.  4-11 --continued. 
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TM-3  (Red  Radiance) 


Fig.  4-1 1 --continued. 
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Fig.  4-12.  Result  of  class  aggregation  on  the  classified  raster  of  the  San  Joaquin 
Valley,  CA.  (a)  classified  raster  after  merging  similar  classes.  Major 
classes  include  cotton  (white),  soil  (tan),  grapes  (brown  & purple),  water 
(blue),  safflower  (yellow),  natural  vegetation  (light  green);  (b)  the  final 
resource  map  created  by  filtering  the  raster  in  (a)  with  a 3 x 3 majority 
filter  and  nearest  neighbor  resampling  to  128  x 128  raster  cells. 
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Fig.  4-13.  Landsat  TM  subscenes  of  the  Imperial  Valley,  CA.  TM  bands  5,  4 and  3 
displayed  in  RGB.  Each  image  is  «100  km  x 100  km  (62  mi  x 62  mi)  and 
consist  of  close  to  3510x3510  pixels  (cells).  Green  indicates  active  plant 
growth;  unvegetated  areas  are  in  shades  of  purple.  The  Salton  Sea  (black 
area)  is  located  at  the  top  left  corner,  and  Mexico  in  the  lower  portion  of 
each  image.  Images  are  from  satellite  data  taken  on  (a)  August  31,  1994; 
(b)  December  21,  1994;  (c)  February  23,  1995;  (d)  May  30,  1995. 
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Fig.  4-14.  Georeferencing  of  the  Imperial  Valley  satellite  data  using  TigerLine 

vector  data,  (a)  TigerLine  overlaid  on  a subscene;  (b)  close  up  of  an  area 
near  the  Salton  Sea  showing  the  agreement  between  the  TigerLine  vector, 
roads  and  field  boundaries  in  the  image. 
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Fig.  4-15.  Location  of  ground  truth  sample  points  in  the  Imperial  Valley,  CA.  Only 
TM  band  1 from  Landsat  subscenes  on  each  date  is  shown. 

(a)  August  31,  1994  image— samples  taken  on  September  1,  1994; 

(b)  December  21,  1994  image— samples  taken  on  December  10-11,  1994; 

(c)  February  23,  1995  image— samples  taken  on  February  1-2,  1995; 

(d)  May  30,  1995  image— samples  taken  on  May  13-14,  1995. 
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Fig.  4-16.  Training  rasters  in  Microimages  Inc.  TNTmips™  (a)  using  feature 

mapping  to  create  training  sets  (rasters).  A portion  of  August  31,  1994 
principal  component  RGB  image  with  feature  samples  shown  as  small 
colored  specks,  (b)  training  raster  image.  The  position  of  each  colored 
feature  sample  gives  the  location  of  feature  cells  in  the  TM  data. 
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Fig  4-17.  Principal  component  rasters  from  four  Landsat  subscenes  on  the  Imperial 
Valley,  CA.  PC  bands  2,  1 and  3 assigned  to  RGB.  (a)  August  31,  1994; 
(b)  December  21,  1994;  (c)  February  23,  1995;  (d)  May  30,  1995. 
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Fig.  4-18.  Classified  rasters  and  dendrograms  from  maximum  likelihood  classification 
of  Landsat  TM  data  on  the  Imperial  Valley,  CA.  Number  of  cells  in  each 
class  is  in  square  brackets.  Data  are  for  (a  & b)  August  31,  1994;  (c  & d) 
December  21,  1994;  (e  & f)  February  23,  1995;(g  & h)  May  30,  1995. 
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Fig.  4-18— continued 
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Fig.  4-18— continued 
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Fig.  4-18— continued 
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Fig.  4-19.  Whitefly  resource  maps.  Classified  rasters  for  the  Imperial  Valley,  CA. 

were  clipped  close  to  the  Mexican  border,  filtered  with  a 3 x 3 majority 
filter  and  resampled  (nearest  neighbor)  to  100  x 100  cells.  Map  dates  are 
(a)  August  31,  1994;  (b)  December  21,  1994;  (c)  February  23,  1995; 

(d)  May  30,  1995. 
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Fig.  4-19--continued 


CHAPTER  5 

SIMULATING  THE  DYNAMICS  OF  THE  SILVERLEAF  WHITEFLY 
IN  AN  ORGANIC  CROPPING  SYSTEM 

Introduction 

The  dynamics  of  the  sweetpotato  whitefly,  Bemisia  tabaci  (Gennadius),  and  to  a 
lesser  extent,  the  silverleaf  whitefly,  Bemisia  argentifolii  Bellows  & Perring,  in  small-  to 
medium-size  cropping  systems  have  been  studied  (Schuster  et  al.  1992,  Hirano  et  al.  1993, 
Zalom  et  al.  1995).  Many  of  these  studies  were  done  in  monocultural  cropping  systems 
with  field  experiments  (e  g.,  Dean  1994)  or  with  field  experiments  combined  with 
nonspatial  simulation  models  to  explore  the  insects’  dynamics  (von  Arx  et  al.  1983, 
Baumgartner  et  al.  1986,  Baumgartner  & Yano  1990).  Although  these  studies  provided 
useful  insights  into  the  dynamics  of  these  pests,  the  results  could  not  usually  be  used  to 
predict  the  insects’  dynamics  in  similar  size  systems  in  which  host  plants  varied  temporally 
and  spatially.  Field  experimentation  combined  with  spatially  explicit  population  models 
give  us  the  ability  to  study  and  compare  the  dynamics  of  these  insects  in  such  varied 
systems. 

The  objectives  of  this  chapter  are  two-fold.  First,  a field  study  of  the  dynamics  of 
the  silverleaf  whitefly  (SLW),  B.  argentifolii  in  a relatively  small-scale  heterogeneous 
cropping  system  with  spatiotemporal  variation  in  host  plants  is  described.  Next,  the 
appropriateness  of  the  spatially  explicit  age-structured  model  (eqn  2. 12  in  chapter  2)  as  a 
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tool  for  studying  insect  dynamics  is  demonstrated  on  this  system.  It  must  be  emphasized 
that  this  is  not  a validation  exercise  per  se,  but  one  that  serves  to  illustrate  the  utility  of  the 
SEPM  for  studying  insect  dynamics  in  temporally  and  spatially  varying  crop  systems. 

Materials  and  Methods 

Study  Site  and  Farm  Layout 

The  study  was  conducted  at  a mixed-crop  organic  farm.  Pine  Island  Organics, 
located  on  Pine  Island,  Florida  (Fig.  4-1).  The  cropping  area  at  the  farm  was  divided  into 
two  fields  with  14  and  12  blocks,  respectively.  Each  block  was  planted  with  one  of  five 
main  crops— tomato,  eggplant,  pepper,  cucumber  or  zucchini.  Blocks  were  separated  from 
each  other  by  a sugarcane  windbreak. 

Insect  Population  Sampling  and  Field  Data 

To  facilitate  insect  population  sampling  and  data  collection,  each  block  was 
divided  into  several  plots.  During  the  period  September  1992  to  January  1993,  adult 
insect  samples  were  collected  weekly  from  each  plot  by  beat-pan  sampling.  No  samples 
were  taken  from  sugarcane  or  resident  vegetation.  The  beat-pan  sampling  method 
involved  vigorously  shaking  the  upper  foliage  of  five  plants  from  each  plot  over  a black 
pan  containing  a thin  layer  of  vegetable  oil.  Dislodged  insects  were  identified  and 
counted.  Also  at  two  week  intervals,  visual  counts  of  insects  were  taken  independently  by 
commercial  scouts  on  the  same  areas  covered  by  the  beat-pan  sampling.  Parasitism  on 
whiteflies  was  determined  by  taking  five  leaves  from  tomato  and  eggplant  plots  every  two 
weeks,  placing  them  in  paper  cartons  in  the  laboratory  and  observing  for  emergence  of 
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whiteflies  and  their  parasitoids.  Percentage  parasitism  was  then  calculated  by  dividing  the 
number  of  emerged  parasitoids  (x  100)  by  the  number  of  emerged  parasitoids  and 
whiteflies  (McAuslane  et  al.  1994,  Simmons  & Minkenberg  1994). 

The  Spatially  Explicit  Whiteflv  Model 

A spatially  explicit  population  model  (SEPM)  was  used  to  simulate  the  dynamics 
of  the  silverleaf  whitefly  at  Pine  Island  Organics.  This  model  is  described  in  detail  in 
another  chapter  2,  but  for  convenience,  some  important  characteristics  of  the  model  are 
briefly  restated. 

The  model  is  a spatiotemporal  age-structured  Nicholson-Bailey  model  (Nicholson 
& Bailey  1935)  that  uses  intergrodifference  equations  (IDEs)  to  simultaneously  model 
insect  dispersal  and  reproduction  or  growth  (Kot  & Schaffer  1986,  Kot  1989,  Murray 
1989,  Andersen  1991,  Hasting  & Higgins  1994,  Neubert  et  al.  1995).  Unlike  many 
previous  IDE  models  however,  the  spatial  system  in  this  study  is  two-dimensional.  The 
IDEs  for  a prey-predator  system  with  no  age-structure  in  a two-dimensional  environment 
can  be  written  as 


Yt+l(l,m)  = Ky(l-x,m  -y)  f(Yt(x,y),Zt(x,y))dxdy 

y x 

(5.1), 

z,+  1(/,m)  = f jKz(/-x,m-y)  g(Yt(x,y)  Zt(x,y))dxdy 

y * 

where  Yt  and  Z,  are  the  prey  and  predator  in  generation  /,  and / and  g are  their  respective 
interaction  functions.  Kr  and  Kz  are  redistribution  (dispersal)  functions  for  prey  and 
predator  so  that  K(l  - x,  m -y  ) gives  the  probability  of  insects  moving  from  point  x,y  to 
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point  l,m  in  the  spatial  system.  Within  each  time  step,  each  K is  convolved  separately  with 
its  respective  interaction  function  over  space  thereby  creating  a density  surface  of 
redistributed  individuals  for  each  species.  These  convolutions  are  carried  out  efficiently  by 
taking  2-dimensional  Fourier  transforms  of  the  dispersal  and  interaction  functions 
separately,  multiplying  them,  and  inverting  the  results  back  to  the  spatial  domain  with  the 
inverse  Fourier  transforms.  For  simulations  in  discrete  space,  the  double  integrals  in  eqn 
(5.1)  are  replaced  with  double  sums  so  that  the  Ys  and  Zs  become  matrices  of  prey  and 
predator  densities.  The  convolutions  in  this  case  are  carried  out  using  discrete  Fast 
Fourier  transforms  and  the  results  are  instead  spatial  density  matrices. 

In  the  case  of  the  Pine  Island  system,  the  model  in  eqn  (5.1)  was  reformulated  so 
that  the  SLW  and  natural  enemy  both  have  three  age-classes  with  survival  and  partial 
development  of  individuals  within  each  age-class.  The  spatially  explicit  nature  of  this 
model  arises  because  the  Pine  Island  system  is  represented  by  a grid  (map)  of  whitefly 
resources,  and  although  it  is  not  explicitly  included  in  the  model,  it  is  a spatial  matrix  that 
defines  the  structure  of  SLW  resources  at  Pine  Island  Organics.  State  variables, 
parameters  and  functions  in  the  model  (eqn  2. 12  in  chapter  2)  are  given  in  Table  5-1  for 
the  whitefly  and  natural  enemy. 

Reproductive  and  attack  functions 

The  whitefly’ s reproductive  function  was  a density-dependent  Ricker  function 
(Ricker  1954)  with  exp(r)  representing  the  reproductive  egg  production  per  female  per 
time  period.  The  model  assumes  that  a generic  natural  enemy  could  be  used  to  represent 
the  natural  enemy  complex  of  the  whitefly.  The  searching  efficiency  (a)  of  this  natural 
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enemy  was  a Sanction  of  its  density  and  was  given  by  a = Qpi~m-  (Hassell  & Varley  1969, 
Hassell  & May  1973  ).  The  importance  of  the  mutual  interference  constant  (m)  in  natural 
enemy  interactions  was  alluded  to  by  Hassell  and  May  (1973)  who  reported  m values 
between  0.28  and  0.69  from  laboratory  studies,  and  between  0.48  and  0.96  from  field 
studies.  These  ranges  were  used  to  estimate  starting  values  for  m in  the  simulations. 
Whiteflv  resource  map 

The  construction  of  the  SLW  resource  map  at  Pine  Island  Organics  was  previously 
described  in  chapter  4.  A color-coded  version  of  this  map  is  given  in  Fig.  5- la.  The  map 
is  a spatial  matrix,  X,  consisting  of  128  x 128  cells  that  each  represents  an  area  of  ~ 1 8.92 
m2.  This  map  contains  consecutive  integers  starting  at  one  that  represent  the  resources  at 
Pine  Island  Organics.  Each  integer  (/')  in  this  spatial  resource  map  serves  as  an  index  to  a 
row  in  a lookup  table  that  contains  SLW  and  natural  enemy  parameters.  Since  there  are 
sixteen  whitefly  resource  indices  in  the  Pine  Island  system,  the  lookup  table  has  sixteen 
rows  of  parameters. 

Insect  dispersal 

Dispersal  of  both  the  whitefly  and  natural  enemy  was  assumed  to  be  local  and 
random  with  no  long-range  migration  during  the  study  period.  The  effects  of  wind  on 
insect  movement  were  therefore  ignored.  Except  in  the  simulations  that  used  one  type  of 
experimental  map  (described  later)  where  the  sugarcane  barriers  were  removed,  it  was 
assumed  that  a greater  degree  of  spatial  movement  occurred  in  the  east-west  direction  (x- 
direction)  than  in  the  north-south  direction  (y-direction).  The  above  assumptions  seemed 
reasonable  considering  the  relative  isolation  of  the  farm  on  the  island,  the  greater 
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dimension  of  the  field  blocks  in  the  east-west  direction,  and  the  sugarcane  barriers  to 
movement  in  the  north-south  direction.  Therefore,  unless  otherwise  stated,  a direction- 
biased  normal  density  function  such  as 


K(l,m,x,y) 
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(5.2), 


was  chosen  as  the  dispersal  or  redistribution  function,  K.  In  this  function,  ox  and  oy  are 
the  standard  deviations  of  dispersal  in  the  x-  and  ^-directions,  respectively.  An  unbiased 
2-dimensional  normal  density  function  was  used  only  in  those  simulations  with  the 
experimental  map  with  no  sugarcane  barriers.  The  standard  deviation  of  dispersal  (o)  in 
all  cases  depended  on  the  insect  species  and  the  host  resource  at  each  location.  This 
parameter  was  therefore  expected  to  be  time-varying  and  to  be  at  a maximum  near  host- 
plants  senescence. 

Model  parameters 

Estimates  for  most  whitefly  parameters  came  from  the  literature  and  were  mainly 
for  adult  longevity,  egg  production,  and  egg  and  immature  survival  and  development. 

Data  on  carrying  capacity  and  spatial  movement  probabilities  were  lacking  and  where 
available  were  not  crop  specific.  Based  on  host  plant  preference  information  and  the 
levels  of  infestation  observed,  crops  were  ranked,  and  this  ranking  used  to  derive  estimates 
for  unknown  parameters.  Although  the  independently  collected  visual  count  data  taken  by 
commercial  scouts  were  not  statistically  independent  from  the  other  sampling  data  since 
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they  were  collected  during  the  same  periods,  these  data  were  nevertheless  used  to  derive 
estimates  for  natural  enemy  parameters. 

Temperature  and  crop  growth  were  the  only  driving  or  forcing  variables  on 
parameters.  Temperature  thresholds  close  to  10°C  (lower)  and  32.2  °C  (upper)  have  been 
quoted  for  whiteflies  (Butler  et  al.  1983,  Zalom  et  al.  1985,  Powell  & Bellows  1992a). 
Within  these  limits,  rate  processes  tend  to  vary  linearly  with  temperature  (Worner  1992). 
Since  average  weekly  temperature  at  Pine  Island  Organics  for  the  period  of  study  fell  well 
within  these  established  thresholds  (Fig.  5-2a),  rates  were  assumed  to  vary  linear  with 
temperature. 

The  forcing  of  parameters  with  crop  growth  was  achieved  by  multiplying  each 
parameter  by  a scaling  factor,  /?„  that  was  calculated  from  a cosine  wave 


(3,  = 1 + 6 cos 


‘ 2t \{ST-PT)X 
CP 


(5.3), 


that  represented  the  crop’s  growth  cycle  (Fig.  5-2b).  In  eqn  (5.3),  6 (0  < 6 > 1)  is  the 
amplitude  of  the  crop’s  cycle,  .ST  is  simulation  time,  FT  is  time  at  peak  crop  growth  and 
CP,  the  crop’s  growth  period.  Since  dispersal  was  expected  to  be  maximum  near  crop 
senescence,  the  standard  deviation  of  dispersal  parameters  (o)  were  forced  by  a cycle  that 
was  approximately  1 80°  out-of-phase  with  the  crop  cycle  and  that  was  also  shifted  to 
account  for  any  lag  in  response  time  for  dispersal  as  crop  growth  began  to  decline  (Fig.  5- 
2b).  Standard  values  for  parameters  used  in  the  model  are  given  in  Table  5-2. 
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Simulations 

The  Pine  Island  Organics  whitefly  system  was  simulated  using  the  simulation 
package,  MATLAB®  (MathWorks  1994).  Simulations  ran  for  25  weeks  on  a weekly  time 
step.  Initial  population  densities  are  always  very  difficult  to  determine  but  because  only 
the  qualitative  behavior  of  the  model  was  important  and  not  its  ability  to  predict  absolute 
whitefly  densities,  it  was  not  critical  that  simulations  be  started  with  actual  initial  densities. 
Therefore  each  cell  in  the  spatial  grid  was  seeded  with  low  random  (0-1)  densities  of 
individuals  in  all  whitefly  age-class  spatial  matrices  ( Yl , Y2,  Y3).  An  examination  of  the 
sampling  data  revealed  that  natural  enemy  densities  were  much  lower  than  that  of  the 
whitefly.  Therefore  cells  in  the  natural  enemy  age-class  spatial  matrices  (Z7,  Z2,  Z3)  were 
also  seeded  randomly  as  was  done  for  the  whitefly  but  the  densities  were  lowered  to 
account  for  differences  in  initial  densities.  These  density  matrices  were  saved  and  reused 
to  initialize  populations  at  the  start  of  all  simulations.  In  addition,  a three  week 
initialization  period  was  used  to  allow  the  whitefly  population  to  build  before  the  natural 
enemy  was  introduced.  During  this  period  the  resource  map  contained  resources  1 and  2 
(sugarcane  and  resident  vegetation)  only  and  the  natural  enemy  was  excluded.  The  full 
resource  map  and  the  natural  enemy  were  introduced  into  the  simulation  after  this  three- 
week  initialization  period.  Table  5-2  gives  the  parameter  values  used  to  generate  the 
simulation  output  that  qualitatively  matched  the  adult  SLW  dynamics  observed  from  the 


sampling  data. 
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Comparing  model  output  and  sampling  data 

The  sampling  data  were  used  to  standardize  the  model’s  output  so  that  the  model 
could  be  used  to  explore  SLW  dynamics  at  Pine  Island  Organics.  To  determine  the  degree 
to  which  the  sampling  data  and  simulation  results  agreed,  visual  comparisons  were  made 
between  the  field  sampling  data  and  the  simulation  data  for  each  resource  after  similar 
resources  were  lumped,  scaled  to  0-1,  and  plotted  on  the  same  graphs.  Correlation 
analysis  were  used  to  quantify  the  visual  comparisons  and  to  compare  simulated  whitefly 
adult  density  maps  with  the  observed  density  maps.  These  analysis  were  performed  using 
the  XCORR  and  CORR2  functions  available  in  the  signal  processing  and  image  processing 
toolboxes  in  MATLAB®.  XCORR  estimates  the  cross-correlation  between  two  equal 
length  n data  sequences  and  returns  a correlation  coefficient  sequence  of  length  equal  to 
the  sum  of  the  original  sequences  minus  one.  The  /rth  element  of  this  output  sequence 
represents  the  correlation  coefficient  at  zero  lag,  and  is  equivalent  to  the  standard 
Pearson’s  correlation  coefficient  between  the  two  data  sequences.  This  procedure 
therefore  estimate  the  correlation  coefficients  between  two  sequences  at  various  lags 
(Krauss  et  al.  1993,  Stearns  & David  1996).  CORR2  computes  the  two-dimensional 
correlation  coefficient  between  two  matrices  (Thompson  & Shure  1995).  In  the  case  of 
two  n length  vectors,  the  output  is  a single  value  equivalent  to  the  value  returned  by 
XCORR  at  zero  lag.  Correlations  and  significant  levels  were  verified  in  SigmaStat™ 


(Kuo  et  al.  1992). 
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Simulation  experiments 

One  of  the  major  advantages  of  spatially  explicit  population  models  is  that  it  gives 
us  the  ability  to  experiment  with  different  spatial  arrangements  in  the  resource  map.  To 
explore  this  possibility  in  the  Pine  Island  system,  a series  of  simulation  experiments  were 
conducted  to  explore  SLW  dynamics  at  Pine  Island  Organics.  In  the  first  experimental 
map  similar  crop  types  were  grouped  together.  All  solanaceous  resources  (tomato, 
eggplant  and  peppers)  were  grouped  as  much  as  possible  within  the  same  fields,  as  also 
were  the  cucurbits  (cucumber  and  zucchini)  (Fig.  5-lb).  In  the  second  experimental  map, 
the  sugarcane  barriers  between  blocks  were  removed  and  replaced  by  resident  vegetation 
(resource  2).  This  second  map  contained  fifteen  rather  than  sixteen  resources  (Fig.  5-lc). 
In  both  experimental  maps,  planting  and  harvesting  dates  for  the  crops  were  the  same  as  in 
the  original  map. 

The  effects  that  changes  in  the  resource  map  had  on  insect  dynamics  were 
determined  by  comparing  simulations  with  the  original  Pine  Island  map  with  those  using 
experimental  SLW  resource  maps.  Comparisons  were  made  by  estimating  the  relative 
differences  (RDs)  in  adult  densities  in  simulations  with  these  maps.  During  simulations, 
the  norm  of  adult  densities  in  the  adult  spatial  matrices  for  both  the  SLW  and  natural 
enemy  were  calculated  using  the  NORM  procedure  in  MATLAB®  (MathWorks  1994). 
RDs  between  adult  densities  in  simulations  with  the  original  and  experimental  maps  were 
calculated  as  the  differences  between  the  Frobenius  norms  in  both  maps  at  each  timestep, 


so  that 


183 


RD„f  = \\0MY3\\  - \\EMy3\\ 

RD Z3 ' = ||OMZiJ|  - l\EMZ3\\  (5.4), 

with  OM  = original  map, 

EM  = experimental  map 

where  Y3,  and  Z3,  are  whitefly  and  natural  enemy  adults  at  time  t,  and  ||.||  is  the  Frobenius 
norm  (a  measure  of  distance  from  zero).  RDs  of  zero  indicated  no  differences  in  adult 
densities  between  the  maps.  Positive  RDs  meant  that  the  original  map  produced  relatively 
higher  densities  compared  with  the  experimental  map,  while  negative  RDs  meant  relatively 
higher  lower  densities  compared  with  the  experimental  map.  All  simulations  in  the  study 
were  started  with  identical  parameters  and  initial  densities,  but  because  the  removal  of  the 
sugarcane  barrier  in  the  second  experimental  map  (Fig.  5-lc)  allowed  for  freer  movement 
of  both  insects  across  blocks,  an  unbiased  normal  density  dispersal  function  (eqn  2. 14a) 
was  used  in  these  simulations  as  apposed  to  the  function  in  eqn.  5.2.. 

Results  and  Discussion 

Analysis  of  the  beat-pan  sampling  data  taken  at  Pine  Island  Organics  suggested 
that  tomato  and  eggplant  were  the  most  attractive  host  plants  for  whiteflies  followed  by 
cucumber  and  zucchini,  and  then  pepper  (Fig.  5-3).  Whitefly  numbers  reached  529 
adults/pan  sample  on  tomato  and  317  adults/pan  sample  on  eggplant.  Maxima  of  160  and 
35  adults/pan  sample  were  obtained  on  cucumber  and  zucchini,  respectively.  On  pepper, 
the  highest  number  of  whiteflies  observed  was  41  adults.  Pepper  was  considered  to  be  a 
poorer  host  than  zucchini  since  overall  whitefly  numbers  were  generally  lower.  Sugarcane 
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and  resident  vegetation  were  not  sampled  but  sugarcane  was  not  expected  to  be  a very 
good  host  for  whiteflies.  Resident  vegetation  on  the  other  hand  is  known  to  harbor 
whiteflies  and  natural  enemies  (Evans  1992).  Schuster  et  al.  (1992)  for  example  observed 
in  west-central  Florida  that  although  low  numbers  of  adult  whiteflies  were  normally  found 
on  weeds,  this  resource  acted  as  a reservoir  for  these  insects  after  surrounding  crops  were 
harvested. 

The  host  preference  ranking  in  this  study  differs  somewhat  from  observations 
made  in  studies  done  under  controlled  conditions  with  high  quality  hosts  (Coudriet  et  al. 
1985,  Costa  et  al.  199,  Wilholt  et  al.  1994).  In  the  field,  conditions  are  continuously 
changing  especially  with  the  succession  of  different  host  types  and  the  variability  in  the 
quality  of  these  hosts. 

Time  series  data  on  beat-pan  sampling  and  simulation  data  are  given  in  Fig.  5-4. 
Each  graph  represents  the  collective  data  (after  scaling)  for  a resource  from  one  or  more 
blocks.  Fig.  5-4a  for  example  shows  data  obtained  from  all  blocks  containing  resource  4, 
tomato.  Two  distinct  peaks  in  adult  whitefly  numbers  were  observed  on  tomato  planted 
before  late  September  (Figs.  5-4a,b).  The  first  peak  occurred  in  mid  October  while  the 
second  peak  occurred  in  mid  to  late  November.  On  tomato  planted  in  late  October 
however,  adult  numbers  were  generally  lower  and  only  one  peak,  in  mid  to  late  December, 
was  observed  (Fig.  5-4c).  Whitefly  populations  on  eggplant  showed  the  same  general 
trends  (Fig.  5-4d,e).  These  trends  most  likely  resulted  from  the  interaction  of  planting 
date  and  temperature.  Similar  trends  were  observed  by  Dean  (1994)  in  Florida  where 
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whitefly  numbers  increased  exponentially  on  spring  tomatoes  but  fluctuated  on  fall 
tomatoes  in  a manner  similar  to  that  observed  in  this  study. 

Environmental  temperature  has  always  been  considered  an  important  determinant 
of  whitefly  population  dynamics  (Zalom  et  al.  1985,  Byrne  & Bellows  1991,  Powell  & 
Bellows  1992a, b).  In  simulations  of  whitefly  populations  on  cotton,  von  Arx  et  al.  (1983) 
concluded  that  temperature  and  the  quality  of  host  plants  were  more  than  likely  the  most 
important  factors  controlling  whitefly  dynamics.  At  Pine  Island  Organics,  whiteflies 
infesting  crops  planted  in  September  or  early  October  were  exposed  to  higher  average 
temperatures  (Fig.  5-2a)  that  resulted  in  shorter  generation  times  and  increased  female 
fecundity.  On  the  other  hand,  whiteflies  infesting  crops  planted  in  late  October  were 
exposed  to  lower  average  temperatures  and  therefore  had  longer  generation  times  and 
lower  female  fecundity. 

Natural  enemies  were  the  main  agent  of  whitefly  control  at  the  farm.  Florida  is 
renowned  for  its  large  fauna  of  whitefly  natural  enemies  (Evans  1992,  Dean  1994),  and 
under  situations  of  limited  pesticide  use,  parasitism  plays  a very  important  role  in  limiting 
whitefly  population  increases.  For  example,  in  noninsecticide  treated  peanut  fields  in 
north-central  Florida,  up  to  100%  parasitism  of  whiteflies  was  observed  (McAuslane  et  al. 
1993,  McAuslane  et  al.  1994).  In  this  study,  percentage  parasitism  on  tomato  and 
eggplant  reached  80%  during  the  season  (Fig.  5-5). 

Comparisons  made  between  the  beat-pan  sampling  data  and  the  simulation  results 
indicated  that  the  qualitative  dynamics  from  the  simulations  were  similar  to  those  observed 
in  the  field  (Fig.  5-4).  These  comparisons  yielded  correlation  coefficients  greater  than 
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0.65.  The  observed  whitefly  adult  density  maps  also  compared  reasonably  with  the 
simulated  adult  density  maps  (Fig.  5-6).  Cross-correlation  analysis  on  the  time  series  data 
in  Fig.  5-4  however  indicated  that  in  some  cases  these  data  lagged  each  other  by  as  much 
as  two  weeks  (e.g.  Figs.  5-4a,c).  This  may  have  resulted  from  the  manner  in  which  crop 
growth  was  represented  (eqn  5.3,  Fig.  5-2b)  and  from  the  estimates  of  natural  enemy 
parameters.  It  was  important  to  have  good  agreement  between  the  model’s  output  and 
field  data  (at  least  qualitatively)  so  that  the  model  could  be  used  to  examine  other 
scenarios  that  were  likely  to  impact  whitefly  dynamics. 

The  simulation  results  were  sensitive  to  natural  enemy  parameters.  In  particular, 
the  initial  densities  of  the  natural  enemy  relative  to  the  whitefly,  the  level  of  mutual 
interference  (m)  between  natural  enemy  individuals,  and  the  attack  parameter  (0),  affected 
the  final  whitefly  dynamics  in  the  system.  Although  there  was  a general  increasing  trend  in 
parasitism  in  both  field  and  simulated  data,  simulated  percentage  parasitism  fluctuated 
during  the  season  compared  with  the  observed  parasitism  (Fig.  5-5).  Differences  between 
the  two  were  likely  due  to  the  many  unknown  aspects  of  natural  enemy  behavior  and  the 
fact  that  one  generic  natural  enemy  was  used  to  represent  what  is  actually  a group  of 
several  species  in  the  field. 

The  simulations  with  the  experimental  whitefly  resource  maps  showed  the  effects 
of  changes  in  resource  structure  on  SLW  dynamics.  The  simulations  also  demonstrated  an 
inherent  advantage  of  spatially  explicit  models  as  tools  for  quickly  exploring  alternative 
habitat  compositions  and  arrangements.  Planting  similar  crop  types  within  the  same 
location  generally  lowered  the  densities  of  insects  relative  to  the  original  arrangement 
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where  crops  were  more  dispersed  (RDs  were  positive)  (Fig.  5-7a).  The  dispersed  spatial 
arrangement  provided  the  whitefly  with  different  types  of  resources  that  were  in  close 
proximity.  The  grouping  of  crops  left  gaps  in  the  spatial  resources  at  harvest  and  along 
with  the  sugarcane  barriers  prevented  movement  of  the  whitefly  to  other  resources.  On 
the  other  hand,  removal  of  the  sugarcane  barriers  improved  the  ability  of  both  insects  to 
move  freely  between  blocks  and  provided  the  whitefly  with  additional  hosts  (RDs  were 
negative).  The  result  was  relatively  higher  adult  densities  with  this  experimental  map 
compared  with  the  original  map  (Fig.  5-7b). 

Concluding  Remarks 

The  need  for  a better  understanding  of  the  relationships  between  insect  population 
dynamics  and  host  plant  spatiotemporal  variations  in  heterogeneous  systems  was 
highlighted  with  the  silverleaf  whitefly,  B.  cirgentifolii  at  Pine  Island  Organics. 
Spatiotemporal  variations  of  host  plants  affects  SLW  dynamics,  and  some  authors  have 
suggested  that  such  variation  may  be  more  important  than  climatic  factors  such  as 
temperature  in  determining  whitefly  population  fluctuations  (Flirano  et  al.  1993).  These 
authors  believe  that  continuous  cultivation  of  suitable  host  plants  in  time  and  space  results 
in  serious  damage  by  these  insects  to  crops  that  are  planted  later  and  that  because  these 
late  season  crops  experience  heavier  whitefly  damage  earlier  in  their  growth,  they  tend  to 
support  fewer  whiteflies  compared  with  earlier  planted  crops.  Therefore,  under  the  same 
conditions,  differences  in  host  plant  spatiotemporal  patterns  are  likely  to  result  in 
differences  in  insects  population  infestation  levels. 
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In  a relatively  small  system  like  Pine  Island  Organics,  it  is  fairly  easy  to  test  the 
effects  of  host  plant  arrangements  on  SLW  dynamics  with  field  experiments.  However, 


spatiotemporal  models  like  the  one  used  in  this  study  open  the  door  to  simulations  of  crop 
systems  of  much  larger  extent  and  suggests  that  we  could  design  whole  crop  regions  to 
minimize  pest  populations. 
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Table  5-1 . State  variables,  parameters  and  functions  in  the  spatiotemporal  model  for 
Bemisia  argentifolii  at  Pine  Island  Organics. 


Variable,  Parameters 
and  Functions 

Description  and  functions 

YI,  Y2,  Y3 
Syi,  Sy2,  Sy3 

Dyj,  Dy2 

f(Y3) 

exp(r) 

Ky 

Rt 

a 

Q 

m 

Zl,  Z2,  Z3 

$Z1’  ^Z2<  $Z3 

Dz„  Dz2 

Kz 

P, 

ox,oy 

X 

spatial  matrices  of  whitefly  egg,  immature  and  adult  densities 

whitefly  egg,  immature  and  adult  survival  probabilities 

whitefly  egg,  and  immature  development  probabilities 

whitefly  reproductive  function  (density-dependent  Ricker  function) 

reproductive  egg  production  per  female  per  time  period 

whitefly  dispersal  function  or  redistribution  kernel 

spatial  matrix  of  redistributed  whitefly  reproduction 

searching  efficiency  of  natural  enemy 

quest  constant  for  natural  enemy 

mutual  interference  constant  for  natural  enemy 

spatial  matrices  of  natural  enemy  egg,  immature  and  adult  densities 

natural  enemy  egg,  immature  and  adult  survival  probabilities 

natural  enemy  egg,  and  immature  development  probabilities 

natural  enemy  dispersal  or  redistribution  kernel 

spatial  matrix  of  redistributed  natural  enemy 

standard  deviation  of  dispersal  in  the  x-  and  ^-directions 

spatial  matrix  of  whitefly  resources  (resource  or  crop  map) 

Table  5-2.  Standard  parameter  values  used  for  Bemisia  argentifolii  and  the  natural 
enemy  in  the  Pine  Island  simulations. 
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Resources 

Model  Parameters  a 

r 

Sri 

Sn 

Sn 

Dy, 

Dn 

Q 

m 

Sz  s 

Dz  s 

oyb 

Tomato 

4.4 

0.90 

0.60 

0.30 

1.0 

0.60 

0.08 

0.35 

0.50 

0.50 

2.0 

1.0 

Eggplant 

4.4 

0.90 

0.88 

0.30 

1.0 

0.60 

0.08 

0.35 

0.50 

0.50 

2.0 

1.0 

Cucumber 

3.8 

0.90 

0.50 

0.30 

1.0 

0.54 

0.08 

0.35 

0.50 

0.50 

2.0 

1.0 

Zucchini 

3.8 

0.90 

0.50 

0.30 

1.0 

0.54 

0.08 

0.35 

0.50 

0.50 

2.0 

1.0 

Pepper 

3.3 

0.90 

0.10 

0.30 

1.0 

0.10 

0.08 

0.35 

0.50 

0.50 

3.0 

1.5 

R.V.e 

4.0 

0.90 

0.80 

0.30 

1.0 

0.40 

0.25 

0.35 

0.50 

0.50 

6.0 

3.0 

Sugarcane 

1.0 

0.20 

0.01 

0.30 

1.0 

0.01 

0.02 

0.35 

0.50 

0.50 

6.0 

3.0 

a Standard  values  are  based  on  a weekly  time  step  and  average  temperature  of  25  °C 
Y and  Z in  parameter  subscript  represent  whitefly  and  natural  enemy,  respectively. 
Sources  for  whitefly  parameters  include-Costa  et  al.  1991;  Powell  & Bellows 
1992a,b;  Wilhoit  et  al.  1994;  Salas  & Mendoza  1995;  van  Giessen  et  al.  1995;  Yee  & 
Toscano  1996;  Tsai  & Wang  1996. 

Average  values  were  used  for  most  natural  enemy  parameters. 
b Values  are  in  units  of  grid  cells,  x and  y represent  east-west  and  north-south  directions, 
respectively.  The  standard  deviation  of  dispersal  for  the  natural  enemy  was  half  that  of 
the  whitefly. 

c RV.  = Resident  Vegetation. 
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Fig.  5-1.  Color-coded  whitefly  resource  maps  at  Pine  Island  Organics,  Pine 

Island,  FL.  (a)  original  resource  map;  (b)  experimental  resource  map 
with  resources  grouped  by  plant  Family;  (c)  experimental  resource  map 
with  sugarcane  barriers  removed. 
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Fig.  5-1— continued 
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Fig.  5-2.  Forcing  or  driving  variables  for  parameters  in  the  spatiotemporal  model 
on  whiteflies  at  Pine  Island  Organics,  Pine  Island,  FL.  (a)  weekly  average 
temperature;  (b)  an  example  of  a crop  growth  cycle  and  that  cycle  180° 
out-of-phase  and  shifted.  The  phase-shifted  cycle  forces 
dispersal. 
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Fig.  5-3.  Number  of  adult  whiteflies  collected  by  beat-pan  sampling  on  the  various 
crops  at  Pine  Island  Organics.  Letters  and  numbers  in  the  Field,  Crops  & 
Indices  axis  represent  the  crops  and  their  resource  indices,  respectively. 
C16&T  for  example  is  cucumber,  resource  16  followed  by  tomato;  E06  is 
eggplant,  resource  6;  Z is  zucchini,  and  P is  pepper. 


Scaled  Density  of  Adult  Whitefly 
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Fig.  5-4.  Comparison  of  scaled  beat-pan  sampling  data  ( — ) with  simulation  results 

( — ) for  adult  whiteflies  at  Pine  Island  Organics,  (a)  tomato,  resource  4 
(r  = 0.85,  P < 0.001);  (b)  tomato,  resource  5 (r  = 0.90,  P < 0.001); 

(c)  tomato,  resource  11  (r  = 0.82,  P < 0.01;  (d)  eggplant,  resource  6 
(r  = 0.92,  P < 0.001);  (e)  eggplant,  resource  12  (r  = 0.89,  P < 0.001); 

(f)  cucumber,  resource  3(r  = 0.88,  P < 0.005);  (g)  zucchini,  resource  13 
(r  = 0.98,  P < 0.001);  (h)  pepper,  resource  7 (r  = 0.88,  P < 0.001) 


Percent  Parasitism 
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Date 


Fig.  5-5 


Parasitism  of  whiteflies  on  tomato  and  eggplant  at  Pine  Island  Organics. 
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Observed 


d 


Fig.  5-6.  Examples  of  comparisons  of  observed  with  simulated  adult  whitefly 
density  maps  at  Pine  Island  Organics.  Two-dimensional  correlation 
coefficients  for  all  comparisons  were  greater  than  0.70.  Highest 
densities  are  white.  Map  dates  are  (a)  17  November,  1992;  (b)  24 
November,  1992;  (c)  1 December,  1992;  (d)  7 January,  1993 
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Fig.  5-7.  Relative  differences  in  whitefly  and  natural  enemy  densities  at  Pine 
Island  Organics  in  simualtions  with  the  original  and  experimental 
resource  maps.  RDs  = 0 indicate  no  differences  in  densities  with  the 
original  versus  the  experimental  maps;  positive  RDs  indicate  that 
densities  with  the  original  map  were  higher;  negative  RDs  indicate  that 
densites  with  the  experimental  maps  were  higher,  (a)  RDs  between  the 
original  map  and  an  experimental  map  where  resources  were  grouped 
by  plant  Family;  (b)  RDs  between  the  original  map  and  an  experimental 
map  with  no  sugarcane  barriers. 


CHAPTER  6 

SIMULATING  THE  DYNAMICS  OF  THE  SILVERLEAF  WHITEFLY 
IN  THE  IMPERIAL  VALLEY  AGRICULTURAL  SYSTEM 

Introduction 

The  heavy  economic  losses  suffered  by  farmers  in  agricultural  regions  throughout 
the  southern  United  States  as  a result  of  attacks  by  the  sweetpotato  whitefly,  Bemisia 
tabaci,  and  the  silverleaf  whitefly,  Bemisia  argenlifolii  (Duffus  & Flock  1982,  Gonzales 
1992,  Perring  et  al.  1993a,  Schuster  1995)  are  ample  evidence  of  the  ability  of  these 
insects  to  invade  regional  agricultural  cropping  systems.  The  nomadic  nature  of  these 
whiteflies  is  enhanced  by  their  ability  to  exist  as  two  dispersal  morphs,  trivial  fliers  and 
migrators  (Berlinger  1986,  Byrne  & Houck  1990,  Byrne  et  al.  1996),  and  by  the  large 
number  of  host  plants  that  they  can  attack  (Byrne  & Miller  1990,  Perring  et  al.  1992, 
Brown  et  al.  1995).  The  dynamics  of  both  whiteflies  are  likely  to  be  closely  tied  to  crop 
patterns  and  natural  environment  factors  in  these  systems  and  therefore  must  be  studied 
under  these  conditions.  Conducting  a full  set  of  field  experiments  to  study  these  dynamics 
in  large-scale  systems  would  require  tremendous  effort.  One  feasible  alternative  is 
simulation  modeling,  but  so  far  only  one  study  has  applied  this  methodology  in  exploring 
the  dynamics  of  whiteflies  in  large-scale  heterogeneous  systems.  Wilhoit  et  al.  (1994) 
used  a spatiotemporal  model  to  evaluate  various  management  strategies  for  the  silverleaf 
whitefly  in  the  Imperial  Valley  agricultural  system. 
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In  contrast  to  the  previous  study  where  the  utility  of  the  spatially  explicit  model 
(eqn.  2.12)  as  a tool  for  studying  the  dynamics  of  insects  in  spatiotemporal  systems  was 
demonstrated  with  the  silverleaf  whitefly,  Bemisia  argentifolii , in  a relatively  small  system, 
this  chapter  highlights  the  model  as  a tool  for  exploring  insect  dynamics  in  large  regional 
agricultural  systems.  In  this  case,  the  model  is  used  to  explore  the  dynamics  of  the  SLW 
in  the  Imperial  Valley  agricultural  system.  The  intention  here  is  to  show  that  the  model 
can  be  used  to  study  insect  dynamics  in  spatial  systems  of  varying  sizes  and  scales. 

Materials  and  Methods 

Study  Site:  The  Imperial  Valley 

The  Imperial  Valley  is  located  in  the  extreme  south  of  California  on  the  Mexican 
Border  and  is  bordered  to  the  north  by  the  Salton  Sea.  The  supply  of  water  from  the  All 
American  canal  has  helped  this  desert  region  to  become  one  of  the  major  agricultural 
areas  in  the  US. 

The  Spatially  Explicit  Whitefly  Model 

The  spatially  explicit  population  model  (eqn  2.12)  was  modified  slightly  and  used 
to  simulate  silverleaf  whitefly  (SLW)  dynamics  in  the  Imperial  Valley.  In  the  revised 


model 
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Wftl  ‘AYS')  + ^n(l  ~Dy\)  Yl, 

Y 2,+  1 = SnDn  17,  + Sr2(l  -Dy2)  Y2t  exp (~aPt) 

nf+i  = SY2DY2  Y2t  exp(-aP')  + SY3Y3t 

Zl|+1  = K2f  (1  - exp(-aP ,))  + SZ1(1  -Z)zl)  Zl, 

A+1  =5zlDzlZlf  + 5Z2(1-DZ2)Z2( 

Z3r+1  = SZ2DZ2  Z2t  + SZ3Z3( 

, (61), 

where 

Y3 t(l,m)  = £ £ KY(l-x,m-y)Y3t(x,y)) 

x=l  y-  1 

( redistributed  adult  whiteflies ) 

Pt(/,/w)  = t E Kz(l-x,m-y)Z3t(x,y )) 

JC  = 1 >"=  1 

( redistributed  adult  natural  enemy) 


adult  whiteflies  are  redistributed  directly  instead  of  through  their  reproduction  as  was 
previously  done  (eqn  2.12).  The  reasons  for  making  this  change  will  be  made  clearer 
shortly. 

Like  the  unmodified  version  of  the  model,  the  revised  model  combines  a 
population  model  with  resource  maps  that  define  the  structure  of  the  insect’s  resources  in 
the  Valley.  The  population  model  is  a discrete-space  age-structured  Nicholson-Bailey 
(Nicholson  & Bailey  1935)  model  with  individuals  in  each  age-class  having  distinct 
survival  probabilities  and  partial  development  in  each  time  step.  State  variables, 
parameters,  and  functions  in  this  new  model  are  given  in  Table  6-1. 
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A density-dependent  Ricker  function  (Ricker  1954)  was  used  as  the  whitefly’s 
reproductive  function  so  that  at  each  location  in  the  spatial  system  whitefly  egg  production 
was  calculated  by 


where  ?3,  is  a density  matrix  of  redistributed  adult  female  whiteflies,  exp(r)  is  the  egg 
production  per  female  time  period  and  k,  the  carrying  capacity  on  the  host  resource.  The 
reproductive  parameter,  r (natural  log  of  eggs/female/week),  and  other  parameters  such  as 
survival  and  development  are  matrices  similar  to  the  resource  map.  These  spatial 
parameter  maps  are  generated  by  assigning  parameter  values  to  the  resources  in  the 
system.  Therefore,  the  resource  map  and  parameter  look-up  table  idea  were  not  applied 
directly  as  was  done  in  the  previous  study  on  the  Pine  Island  system.  Using  direct  spatial 
parameter  maps  was  much  faster  than  looking  up  parameters  from  the  index  map. 

Dispersal  density  functions  or  redistribution  kernels  determined  the  pattern  of 
spatial  movement  for  the  insects.  Movement  was  modeled  with  integrodifference 
equations  (IDEs)  and  was  accomplished  by  summing  the  dispersal  of  individuals  into  each 
point  from  all  other  points  in  the  spatial  system.  In  this  case  however,  the  dispersal 
density  functions  for  both  the  whitefly  and  its  natural  enemy  were  coupled  directly  with 
the  respective  adult  density  matrices  and  solved  using  Fourier  transforms.  Previously,  the 
problem  of  a spatiotemporal  varying  crop  system  was  handled  by  applying  the  transforms 
one-at-a-time  for  each  resource  within  a time  step  and  summing  the  results.  A different 


(6.2) 
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approach  was  used  here  that  allowed  the  transforms  to  be  applied  only  once  for  the  entire 
system  at  each  time  step.  The  revised  model  in  eqn  (6.1)  takes  advantage  of  this 
approach.  In  this  alternative  approach,  an  emigration  probability  matrix  (EPM)  for  each 
insect  is  constructed  and  applied  at  each  time  step  to  the  spatial  density  matrix  to  create  an 
emigrant  density  matrix  (EDM)  of  adults  ‘in  flight.’  The  dispersal  function  is  then 
convolved  with  this  EDM  thereby  moving  individuals  in  the  air  throughout  the  spatial 
system.  In  the  whitefly’s  case,  it  is  the  redistributed  adults  ( £?)  that  produce  the  next 
generation  of  offspring.  The  probabilities  of  individuals  leaving  and  falling  may  be 
constants  as  in  this  case  or  could  be  made  to  vary  with  the  state  of  resources  on  the 
ground. 

The  existence  of  separate  dispersal  morphs  in  whiteflies  (Byrne  & Houck  1990, 
Blackmer  & Byrne  1993a,b,  Byrne  et  al.  1996)  and  the  openness  of  the  Imperial  Valley 
system  encouraged  the  use  of  a dispersal  function  made  up  of  a bimodal  proportional  mix 
of  two  dispersal  functions,  so  that 

K,o,al  = PK trivial  + 0 ~ P) K nugra'or  (6.3), 

where  p is  the  proportion  of  adult  whiteflies  in  a source  field  that  are  trivial  fliers  and  Ktrivial 
and  are  the  dispersal  density  functions  for  the  trivial  fliers  and  migrators, 

respectively.  Ktolal  is  then  the  bimodal  proportional  sum  that  integrates  to  one  as  a 
probability  density  (Allen  et  al.  1996).  The  dispersal  function  for  the  trivial  fliers,  Ktrivial, 
was  a symmetric  two-dimensional  normal  density  function 
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\ 


(6.4), 


while  the  dispersal  function  for  the  migrators,  K^^,,  was 


\ 


(6.5), 


where  x = (v  / -x)  and  y = (v  / -y) 

x y 


which  is  a time-dependent  dispersal  function  that  includes  the  effects  of  wind  on 
migration.  The  standard  deviation  of  dispersal  per  time  step,  o,  in  both  dispersal  functions 
depended  mainly  on  the  insect  species  and  to  a lesser  extent  on  the  host  resource  at  each 
location.  In  addition,  dispersal,  as  in  the  model  by  Wilhoit  et  al.’s  (1994),  was  assumed  to 
be  unaffected  by  temperature.  Unlike  their  model  however,  dispersal  was  not  restricted 
only  to  crop  harvest. 

Natural  enemies  are  known  to  have  a very  limited  impact  upon  whitefly 
populations  in  the  Imperial  Valley  (Meyerdirk  et  al.  1986,  Bellows  & Arakawa  1988,  Gill 
1992).  For  this  reason,  Wilhoit  et  al.  (1994)  excluded  natural  enemies  completely  from 
their  study.  Therefore,  although  a natural  enemy  component  that  represented  the  natural 
enemy  complex  of  whiteflies  in  the  Valley  was  included  in  this  present  study,  its  ability  to 
affect  whitefly  populations  levels  in  the  standard  simulations  was  restricted. 
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Model  Parameters  and  Parameter  Maps 

Life  history  data  on  whiteflies  indicated  that  very  little  variability  exists  in  whitefly 
egg  development  and  survival,  and  adult  longevity  within  the  range  of  environmental 
conditions  and  host  plants  experienced  by  these  insects  in  natural  systems.  Egg 
development  times  on  different  host  plants  were  not  usually  significantly  different  and 
generally  take  between  6 to  8 days  (Lopez-Avila  1986,  Butler  et  al.  1983,  Salas  & 
Mendoza  1995,  Yee  & Toscano  1996,  Tsai  & Wang  1996).  Under  similar  conditions,  the 
proportion  of  eggs  that  survive  is  usually  greater  than  0.90  ( Powell  & Bellows  1992a, 
Salas  & Mendoza  1995,  Wagner  1995,  Tsai  & Wang  1996).  On  the  other  hand,  fecundity 
and  nymphal  survival  and  development  tend  to  be  more  variable  (Powell  & Bellows 
1992a,  Wagner  1995,  Tsai  & Wang  1996).  Several  studies  also  indicated  that  first  instars 
suffer  the  most  from  climatic  factors  compared  with  other  stages  (Gerling  et  al.  1986, 
Horowitz  1986).  Therefore,  except  at  locations  where  there  was  not  expected  to  be  any 
stage  development  or  survival  (e.g.,  in  water),  egg  development  and  survival  were  the 
same  for  all  resources.  Emphasis  was  placed  on  estimating  parameters  for  immature 
survival  ( SY2 ),  immature  development  ( DY2 ),  and  fecundity. 

The  biology  of  whiteflies  has  not  been  studied  on  many  of  the  crops  identified  in 
the  Imperial  Valley  system.  Parameter  values  were  therefore  estimated  from  the  insect’s 
biology  on  other  crops  and  the  attractiveness  of  these  crops  to  the  insect.  Wilhoit  et  al. 
(1994)  devised  a rating  system  for  the  host  plants  in  their  simulations  in  which  cotton  was 
given  a rating  of  1 .0  (Table  6-1).  A similar  rating  system  was  implemented  for  this  study 


based  partly  on  the  system  used  by  Wilhoit  et  al.  (1994)  and  additional  information 
obtained  from  the  literature  (Table  6-2). 
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Primary  parameter  maps  corresponding  to  each  whitefly  resource  map  were 
generated  for  whitefly  reproduction,  immature  survival  and  development  (Figs.  6-1,  6-2, 
6-3).  At  each  weekly  time  step  during  simulations  with  the  model,  intermediate  parameter 
maps  were  generated  from  the  primary  parameter  maps  by  simple  linear  interpolation.  For 
example,  in  the  simulation  package  MATLAB*  (MathWorks  1994),  fifteen  weekly 
immature  survival  parameter  maps  ( M, ) were  generated  during  the  period  August  3 1 to 
December  21,  1994.  These  were  generated  using  the  primary  parameter  maps  for  August 
(MAug)  and  December  (MDec)  in  the  equation 


M,  = Miug  * ' 


v ^ Dec  l Aug 


2 <t<  16 


(6.6). 


In  the  above  example,  tAug  =1  and  tDec  =17  are  the  values  that  correspond  to  the  MAug  and 
MDec  maps,  respectively,  since  these  maps  were  separated  by  fifteen  weeks.  In  the  first 
week  of  simulation  the  MAug  parameter  map  (matrix)  was  used  directly.  In  the  second 
week  of  simulation  a new  map  was  constructed  using  eqn  (6.6)  with  t - 2.  This  process 
was  repeated  for  each  week  of  simulation  up  to  week  sixteen  where  t = 16,  and  at  t = 17, 
the  MDec  map  was  used  directly  as  the  parameter  map.  In  the  following  period,  the  MDec 
map  from  the  previous  period  was  used  with  the  February  map  (MFeb)  with  tDec  = 1 and 
heb = 10-  This  procedure  was  repeated  for  generating  weekly  parameter  maps  for  other 
periods. 
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The  value  for  carrying  capacity,  k,  in  eqn  (6.2)  was  based  on  Wilhoit  et  al.’s 
(1994)  estimate  that  was  computed  from  data  given  in  Riley  & Wolfenbarger  (1993). 

From  these  data,  they  estimated  a carrying  capacity  of  4.5  x 107  whitefly  adults  per  acre  in 
cotton.  They  noted  that  this  value  may  never  be  reached  in  the  field  since  crops  are 
usually  harvested  before  this  occurs.  Their  value  was  adopted  for  this  study  and  was 
assumed  to  be  constant  at  all  spatial  locations  in  the  system. 

Temperature  was  the  main  forcing  variable  on  parameters  in  the  model.  Hourly 
temperature  data  for  the  period  of  the  study  were  obtained  from  three  weather  stations  in 
the  Valley.  These  were  the  Calipatria  weather  station  in  the  north,  the  Seeley  station  in 
the  south-west  and  the  Meloland  station  in  the  south-east  of  the  Valley.  The  hourly 
temperature  data  were  synthesized  and  used  to  derive  daily  average  minimum  and 
maximum  temperatures  at  each  site  (Fig.  6-4a,b,c,).  The  daily  pattern  of  temperature  at 
the  three  sites  was  very  similar  (Fig.  6-4a,b,c,)  and  therefore  these  data  were  combined  to 
derive  average  daily  temperatures  for  the  Valley  (Fig.  6-4d).  A cosine  function  of  the 
form 


T 


/ 

1 + 6 cos 

V V 


(6.7), 


was  fitted  to  these  data  that  generated  an  overall  average  temperature  cycle.  Tmean  is 
average  temperature,  5 Tmum  (0  < 6 < 1)  is  the  amplitude  of  the  cycle,  t is  the  present  time, 
peak  is  time  at  peak  temperature  and  P is  the  period  of  the  temperature  cycle  (Fig  6-4d). 
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The  annual  cycle  of  average  daily  or  weekly  temperatures  (Fig  6-4d)  may  be  calculated  by 
applying 


/ 


21.5 


1 + 0.6  *cos 


/ 


2 71 

365 


day -192^ 


week 


21.5 

/ 

1 + 0.6  *cos 

271  [week- 2l"j\ 

\ / ) 

(6.8) 


The  extent  of  whitefly  dispersal  in  the  model  was  influenced  by  the  direction  and 
speed  of  winds  in  the  Valley.  Since  no  data  on  wind  flow  patterns  throughout  the  entire 
Valley  were  available,  wind  data  from  the  weather  stations  at  Calipatria,  Meloland  and 
Seeley  were  used  to  estimate  wind  directions  and  speed  for  the  model.  Hourly  wind 
directions  and  speed  recorded  at  each  station  for  the  period  July  1,  1994  to  June  30,  1995 
were  obtained,  but  because  whitefly  dispersal  is  usually  restricted  to  the  early  morning 
hours  between  6 a m.  and  10  a m.  when  temperatures  and  wind  speeds  are  generally  low 
(Byrne  & von  Bretzel  1987,  Bellows  et  al.  1988,  Blackmer  & Byrne  1993a,  Blackmer  & 
Byrne  1993b),  only  the  data  between  these  times  were  used.  The  average  and  standard 
deviation  of  wind  direction  for  the  selected  data  were  determined  by  methods  outlined  in 
Zar  (1984)  for  circular  data  and  these  were  used  to  predict  the  pattern  of  wind  flow  in  the 
Valley  (Fig.  6-5). 

The  insects  were  dispersed  within  each  weekly  time  step  in  the  model.  At  each 
dispersal,  a random  component  was  added  to  both  wind  direction  and  speed  based  on  the 
calculated  standard  deviations  for  these  components.  This  was  accomplished  with 
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W = W + ow*N(  0,1)  (6.9) 

where  tf'is  mean  wind  direction  or  speed,  o^is  the  standard  deviation  of  W,  and  V(0,1)  is 
a standard  normal  deviate  with  mean  zero  and  standard  deviation  one.  Changes  in  the 
direction  and  distance  of  the  whitefly’s  migrator  dispersal  patterns  around  a central  trivial 
flier  distribution  in  successive  dispersal  steps  can  be  seen  in  the  montage  of  images  in  Fig. 
6-6.  In  Fig.  6-5d,  it  is  observed  that  morning  winds  in  the  Valley  rarely  came  from  the 
north-east.  During  this  period,  winds  come  mainly  from  the  south-east  and  south-west. 
This  explains  the  distribution  of  the  migrator  dispersal  patterns  in  the  north-east,  north- 
west, and  south-east  sections  of  the  images  in  Fig.  6-6. 

Simulating  Whiteflv  Dynamics  in  the  Imperial  Valley  System 

Simulations  examined  the  annual  dynamical  patterns  of  whiteflies  in  the  Imperial 
Valley.  It  was  assumed  that  little  variation  in  the  structure  of  the  agricultural  landscape  in 
the  Valley  occurred  between  years  and  therefore  the  spatiotemporal  arrangement  of  crops 
remained  the  same.  This  assumption  allowed  continuous  simulations  to  be  carried  out  for 
a number  of  years  by  recycling  the  parameter  maps. 

The  spatial  system  consisted  of  a square  100  x 100  grid  with  each  cell  representing 
a quarter  section  (0.5  mi  x 0.5  mi).  Each  cell  therefore  represented  one  quarter-square- 
mile  or  approximately  150  acres  (61  ha).  At  the  start  of  each  simulation  run  all  cells 
except  those  that  were  known  to  be  free  of  whiteflies  (eg.,  cells  in  water)  were  seeded 
with  a low  random  (0-1)  density  of  individuals  in  each  whitefly  and  natural  enemy  age- 


class.  For  consistency,  the  initial  population  density  matrices  were  saved  and  reused  to 
initialize  all  simulations. 

The  qualitative  dynamics  were  observed  for  whitefly  adults  in  the  whole  system 
and  separately  for  crops  such  as  alfalfa,  cotton,  cole  crops  (cabbage  and  broccoli),  and 
melons.  The  effects  on  dynamics  from  the  removal  of  these  crops  from  the  system  were 
also  explored. 


The  Model  by  Wilhoit  et  al.  ('1994') 

A brief  review  of  the  model  by  Wilhoit  et  al.  (1994)  and  its  results  are  given  before 
proceeding  to  the  results  of  the  study  in  this  paper.  These  authors  developed  their 
computer  simulation  model  to  “evaluate  various  regional  strategies  for  managing  the 
silverleaf  whitefly  in  the  Imperial  Valley.”(p.  1)  In  their  model,  the  Valley  was  represented 
as  a 36  x 42  rectangular  grid  with  one-square-mile  cells  or  sections.  The  model  kept  track 
of  the  dynamics  of  the  whitefly  on  nineteen  spatially  and  temporally  varying  crops.  Only 
adult  whiteflies  were  considered  and  natural  enemies  were  excluded.  Degree  days  were 
used  to  include  temperature  effects  in  the  model.  Wilhoit  et  al.  (1994)  assumed  that 
whiteflies  left  the  section  only  when  the  crop  they  were  on  was  harvested  and  that  they 
were  passively  redistributed  by  wind.  This  passive  movement  was  achieved  with  a 
Gaussian  plume  function  that  generated  a 35  x 35  two-dimensional  grid  of  values 
representing  the  proportions  of  individuals  that  fell  into  cells  around  a central  point. 

They  noted  that  simulations  with  their  model  gave  qualitative  dynamics  that  were 
consistent  with  their  knowledge  of  whitefly  dynamics  in  the  Imperial  Valley.  Low  whitefly 
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populations  were  observed  during  the  early  part  of  the  year  with  large  increases  taking 
place  in  spring  primarily  because  of  the  presence  of  spring  melons.  Harvesting  of  spring 
melons  resulted  in  a drop  in  populations  as  adult  whiteflies  migrated  to  cotton.  Harvesting 
of  cotton  caused  a shift  in  populations  back  to  melons  and  cole  crops,  and  exponential 
population  growth  was  again  observed.  In  addition,  removal  of  alfalfa  had  the  largest 
effect  on  whitefly  population  levels  resulting  in  a 67%  reduction.  Alfalfa  was  followed 
closely  by  melon,  cotton,  and  the  cole  crops  in  the  effect  on  whitefly  population  levels. 

Results  and  Discussion 

A five  year  simulation  run  with  the  standard  parameter  maps  produced  populations 
of  adult  whiteflies  in  the  Imperial  Valley  system  that  peaked  twice  each  year  (Fig.  6-7a). 
There  was  an  increase  in  regional  populations  in  early-  to  mid-spring  where  growth  was 
exponential.  A decline  in  population  levels  occurred  in  late  June  but  populations  increased 
again  in  August  and  September  before  declining  again  near  the  end  of  the  year  (Fig.  6-7b). 
These  trends  were  similar  to  those  observed  by  Wilhoit  et  al.(  1 994).  In  their  simulations 
and  from  their  knowledge  of  the  dynamics  of  whiteflies  in  the  Imperial  Valley  they  found 
that  whitefly  populations  are  generally  low  at  the  start  of  the  calendar  year.  Large 
increases  in  population  levels  occurres  in  early  spring  on  melons  planted  during  this 
period.  Population  levels  then  decline  because  melons  are  harvested  and  whiteflies  move 
to  cotton  and  show  an  exponential  increase  in  population.  After  cotton  is  harvested, 
another  decrease  in  population  takes  place  as  populations  move  to  cole  crops  and  fall 
melons,  and  exponential  growth  is  once  again  observed. 
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The  results  of  simulations  to  test  the  effect  of  alfalfa  removal  from  the  Imperial 
Valley  system  is  given  in  Fig.  6-8.  Adult  populations  in  the  system  where  no  alfalfa  is 
grown  are  much  lower  indicating  that  alfalfa  has  a significant  effect  on  the  population 
levels  of  whiteflies  in  the  Valley.  The  extent  of  the  difference  in  the  overall  annual  average 
of  whitefly  abundance  with  and  without  alfalfa  was  determined  by  taking  the  ratio  of  the 
sum  of  whitefly  densities.  From  the  simulation  it  appears  that  planting  alfalfa  results  in  a 
6.4-fold  increase  in  overall  whitefly  abundance  in  the  Valley.  This  may  be  due  to  the  fact 
that  alfalfa  is  a perennial  that  makes  up  more  than  35%  of  the  agricultural  acreage  in  the 
Valley  (Imperial  County  Agricultural  Commissioner’s  Office  1994).  Wilhoit  et  al.  (1994) 
reported  a 67%  reduction  in  whitefly  population  when  no  alfalfa  was  planted. 

Wihoit  et  al.  (1994)  tested  the  effects  of  an  alfalfa  dry  down  period  with  their 
model.  In  the  dry  down  period,  farmers  do  not  grow  alfalfa  for  a period  of  six  or  more 
weeks.  In  their  model,  this  period  ran  from  23  July  to  8 October.  A similar  strategy  was 
included  in  the  scenarios  tested  with  the  model  in  this  study.  The  results  indicate  that  a 
dry  down  period  also  reduces  overall  whitefly  populations  but  not  to  the  same  extent  as 
the  complete  removal  of  alfalfa  (Fig.  6-9).  Overall  whitefly  abundance  without  the  dry 
down  period  was  2.75  times  higher  than  with  the  dry  down  period.  Wilhoit  et  al.  (1994) 
reported  a 58%  reduction  in  whitefly  population  with  the  dry  down  period  and  noted  that 
periods  of  dry  down  shorter  than  6 weeks  had  little  effect  on  populations. 

The  effects  on  adult  populations  of  the  removal  of  cotton,  spring  melons  and  cole 
crops  such  as  cabbages  and  broccoli  were  tested.  Cotton  was  second  to  alfalfa  in  its  effect 
on  whitefly  densities  after  removal  (Fig.  6-10),  followed  by  spring  melons  (Fig.  6-11)  and 
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cole  crops  (Fig.  6-12).  The  presence  of  cotton,  spring  melons  and  cole  crops  increased 
whitefly  abundance  1.25,  1.10  and  1.03  times,  respectively.  These  observations  were 
slightly  different  to  those  made  by  Wilhoit  et  al.  (1994)  who  found  that  spring  melons  had 
a greater  impact  on  whitefly  population  levels  (57%)  than  did  cotton  (46%).  Reasons  for 
the  reversal  in  these  trends  are  not  immediately  obvious. 

Finally,  whitefly  population  trends  on  alfalfa  and  cotton  were  examined  (Fig.  6- 
13).  Whitefly  population  trends  on  alfalfa  compared  reasonably  with  trends  reported  in 
other  studies.  Meyerdirk  and  Coudriet  (1986)  presented  data  collected  by  yellow  sticky 
cards  that  showed  the  flight  activity  of  B.  iabaci  in  alfalfa  fields  in  the  Imperial  Valley. 
These  data  showed  that  whitefly  activity  was  low  in  July  but  increased  rapidly  through  late 
October  after  which  there  was  a decline  until  March  the  following  year.  Activity  also 
seemed  to  increase  once  more  in  March,  April  and  May  before  declining  again  in  June. 
Wilhoit  et  al.  (1994)  with  their  model  observed  that  whitefly  population  levels  in  alfalfa 
began  to  increase  in  late  June  and  continued  this  way  until  October  when  population  levels 
declined.  Cotton  is  probably  the  most  widely  studied  whitefly  host  plant  and  therefore 
several  sources  of  data  were  available  for  comparison  with  whitefly  population  trends  on 
cotton  generated  by  this  model.  Meyerdirk  and  Coudriet  (1986)  also  presented  data  for 
whiteflies  trapped  with  yellow  sticky  cards  near  cotton  fields.  They  indicated  that  whitefly 
population  levels  generally  increased  from  late  June  to  September  and  that  this  increase 
continued  until  November  under  favorable  weather  conditions.  Youngman  et  al.  (1986) 
studied  seasonal  trap  counts  in  several  cotton  fields  in  the  Valley  and  also  observed 
increases  in  whitefly  activity  from  July  to  October.  These  trends  were  also  later  observed 
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by  Blua  et  al.  (1994)  who  found  that  whitefly  abundance  accelerated  between  July  and 
September.  Finally,  Wihoit  et  al.  (1994)  in  their  simulations  observed  an  increase  in 
whitefly  population  between  late  June  and  September.  These  studies  all  indicate  that 
whitefly  population  levels  observed  on  cotton  in  the  simulations  conducted  in  this  study 
peaked  rather  early.  The  reasons  for  this  are  not  immediately  clear  but  may  have  resulted 
from  the  time  shift  caused  by  ground  truth  data  and  satellite  data  asynchrony  that  causes 
the  incorrect  assignment  of  cotton  during  classification  to  fields  that  either  contained  other 
resources  or  an  earlier  stage  of  cotton. 
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Table  6-1.  State  variables,  parameters  and  functions  in  the  spatiotemporal  model  for 
the  silverleaf  whitefly,  Bemisia  argentifolii  in  the  Imperial  Valley,  CA. 


Variable,  parameters  Description 

and  functions  


Yl,  Y2,  Y3 
Syi<  Sy2>  Sy3 

Dy,,  Dn 

f(Y3) 

r 

K, 

Km 

P 

o„om 

LY3 

FY3 


spatial  matrices  of  whitefly  egg,  immature  and  adult  densities 

spatial  matrix  of  redistributed  adult  whitefly 

whitefly  egg,  immature  and  adult  weekly  survival  probabilities 

whitefly  egg,  and  immature  weekly  development  probabilities 

whitefly  reproductive  function  (density-dependent  Ricker  function) 

matrix  of  natural  log  of  eggs/female/week 

whitefly  trivial  flier  dispersal  function  or  redistribution  kernel 

whitefly  migrator  dispersal  function  or  redistribution  kernel 

proportion  of  dispersing  adults  that  are  trivial  fliers 

standard  deviation  of  dispersal  for  trivial  fliers  and  migrators  (in  grid 

cell  units). 

emigration  probability  matrix  for  adult  whiteflies 
matrix  of  probabilities  of  falling  for  adult  whiteflies 


a 

Q 

m 

Zl,  Z2,  Z3 

Szi<  $Z2’  $Z3 
Dzi<  &Z2 

Kz 

P, 

LZ3 

FZ3 


searching  efficiency  of  the  natural  enemy 

quest  constant  for  the  natural  enemy 

mutual  interference  constant  for  natural  enemy 

spatial  matrices  of  natural  enemy  egg,  immature  and  adult  densities 

natural  enemy  egg,  immature  and  adult  weekly  survival  probability 

natural  enemy  egg,  and  immature  weekly  development  probabilities 

natural  enemy  dispersal  or  redistibution  kernel 

spatial  matrix  of  redistributed  natural  enemy 

standard  deviation  of  dispersal  (in  grid  cell  units) 

emigration  probability  matrix  for  adult  natural  enemy 

matrix  of  probabilities  of  falling  for  adult  natural  enemy 
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Table  6-2.  Parameter  values  for  Bemisia  argentifolii  reproduction,  immature  survival 
and  development  in  the  Imperial  Valley  whitefly  simulation  model. 


Map 

Date 

Resources 

Scale 

Parameters 

a 

Wilhoit  This 

et  al.  (1994)  Study 

r 

SY2 

DY2 

Aug  31, 

Alfalfa  (Early) 

0.385 

0.656 

3.15 

0.89 

0.47 

1994 

Alfalfa  (Mid) 

0.385 

0.656 

3.15 

0.89 

0.47 

Alfalfa  (Late) 

0.385 

0.328 

1.57 

0.89 

0.47 

Alfalfa  (Cut) 

0.385 

0.164 

0.79 

0.29 

0.47 

Asparagus 

0.15 

0.222 

1.07 

0.20 

0.13 

Bare  Soil 

— 

0.100 

0.48 

0.20 

0.02 

Bare  Soil  (Wet) 

— 

0.100 

0.48 

0.20 

0.02 

Bermuda  (Early) 

— 

0.020 

0.10 

0.20 

0.02 

Bermuda  (Mid) 

— 

0.020 

0.10 

0.20 

0.02 

Bermuda  (Late) 

— 

0.020 

0.10 

0.20 

0.02 

Cotton  (Harv) 

— 

0.200 

0.96 

0.20 

0.47 

Cotton  (Late) 

1.000 

0.500 

2.40 

0.87 

0.59 

Sorghum 

0.015 

0.025 

0.12 

0.20 

0.02 

Sudan  (Early) 

— 

0.020 

0.10 

0.20 

0.02 

Sudan  (Mid) 

— 

0.020 

0.10 

0.20 

0.02 

Sudan  (Cut) 

— 

0.020 

0.10 

0.20 

0.02 

Tomato 

0.39 

0.786 

3.77 

0.40 

0.46 

Water 

— 

0.000 

0.00 

0.00 

0.00 

Urban  etc. 

— 

0.300 

1.44 

0.40 

0.46 

Dec  21, 

Alfalfa  (Early) 

0.385 

0.656 

3.15 

0.89 

0.47 

1994 

Alfalfa  (Mid) 

0.385 

0.656 

3.15 

0.89 

0.47 

Alfalfa  (Late) 

0.385 

0.328 

1.57 

0.89 

0.47 

Alfalfa  (Cut) 

— 

0.164 

0.79 

0.29 

0.47 

Asparagus 

0.150 

0.222 

1.07 

0.20 

0.13 

Bare  Soil 

— 

0.100 

0.48 

0.20 

0.47 

Bare  Soil  (Wet) 

— 

0.100 

0.48 

0.20 

0.47 

Beets  (Mid) 

0.200 

0.630 

3.02 

0.57 

0.17 

Bermuda 

— 

0.020 

0.10 

0.20 

0.02 

Broccoli  (Mid) 

1.080 

1.080 

5.18 

0.97 

0.48 

Broccoli  (Harv) 

— 

0.500 

2.40 

0.97 

0.48 
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Table  6-2— continued 


Map 

Date 


Feb  23, 
1995 


Scale  Parameters a 


Resources 

Wilhoit 
etal.  (1994) 

This 

Study 

r 

SY2 

DY2 

Burnt  Field 

0.100 

0.48 

0.20 

0.47 

Cabbage  (Mid) 

1.080 

1.080 

5.18 

0.97 

0.48 

Carrots  (Early) 

0.200 

0.296 

1.42 

0.57 

0.31 

Carrots  (Mid) 

0.200 

0.296 

1.42 

0.57 

0.31 

Lettuce  (Mid) 

0.200 

0.802 

3.85 

0.57 

0.56 

Lettuce  (Mixed) 

0.200 

0.802 

3.85 

0.57 

0.56 

Onions  (Early) 

0.015 

0.025 

0.12 

0.20 

0.02 

Rye  (Mature) 

— 

0.020 

0.10 

0.20 

0.02 

Sudan 

— 

0.020 

0.10 

0.20 

0.02 

Dry  Vegetation 

— 

0.200 

0.96 

0.20 

0.02 

Water 

— 

0.000 

0.00 

0.00 

0.00 

Urban 

— 

0.300 

1.44 

0.40 

0.46 

Alfalfa  (Grazed) 

— 

0.200 

0.96 

0.89 

0.47 

Lettuce  (Late) 

0.200 

0.508 

2.44 

0.57 

0.56 

Lettuce  (Early) 

0.200 

1.020 

4.90 

0.57 

0.56 

Artichokes 

— 

0.222 

1.07 

0.20 

0.13 

Sudan  (Early) 

— 

0.020 

0.10 

0.20 

0.02 

Water 



0.000 

0.00 

0.00 

0.00 

Alfalfa  (Mid) 

0.385 

0.656 

3.15 

0.57 

0.47 

Alfalfa  (Late) 

0.385 

0.328 

1.57 

0.57 

0.47 

Cabbage 

1.080 

1.080 

5.18 

0.97 

0.48 

Carrots  (Late) 

0.200 

0.296 

1.42 

0.57 

0.31 

Lettuce 

0.200 

0.802 

3.85 

0.57 

0.56 

Carrots  (Mid) 

0.200 

0.296 

1.42 

0.57 

0.31 

Bermuda  (Early) 

— 

0.020 

0.10 

0.20 

0.02 

Wheat  (Late) 

0.015 

0.025 

0.12 

0.20 

0.02 

Onions 

0.015 

0.025 

0.12 

0.20 

0.02 

Bare  Soil 

— 

0.100 

0.48 

0.20 

0.47 

Rye 

— 

0.020 

0.10 

0.20 

0.02 

Broccoli 

1.08 

1.080 

5.18 

0.97 

0.48 

Beets  (Late) 

0.20 

0.630 

3.02 

0.57 

0.17 
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Table  6-2— continued 


Map 

Date 

Scale 

Parameters  a 

Resources 

Wilhoit 
et  al.  (1994) 

This 

Study 

r 

SY2 

DY2 

Wheat  (Mid) 

0.015 

0.025 

0.12 

0.20 

0.02 

Urban  (etc.) 

— 

0.300 

1.44 

0.40 

0.46 

May  30, 

Alfalfa  (Mid) 

0.385 

0.656 

3.15 

0.57 

0.47 

1995 

Alfalfa  (Late) 

0.385 

0.328 

1.57 

0.57 

0.47 

Alfalfa  (Cut) 

0.385 

0.164 

0.79 

0.29 

0.47 

Carrot  (Late) 

0.2 

0.469 

2.25 

0.57 

0.31 

Sudan  (Early) 

— 

0.020 

0.10 

0.20 

0.02 

Onions 

0.015 

0.025 

0.12 

0.20 

0.02 

Sudan  (Mid) 

— 

0.020 

0.10 

0.20 

0.02 

Bermuda  (Late) 

— 

0.020 

0.10 

0.20 

0.02 

Corn  (Dry) 

0.015 

0.025 

0.12 

0.20 

0.02 

Cantaloupe  (Mid) 

1.540 

0.948 

4.55 

0.94 

0.49 

Corn  (Late) 

0.015 

0.025 

0.12 

0.20 

0.02 

Cotton  (Early) 

1.000 

1.000 

4.80 

0.84 

0.48 

Cantaloupe  (Late) 

1.540 

0.948 

4.55 

0.94 

0.49 

Beet 

0.200 

0.630 

3.02 

0.57 

0.17 

Bermuda  (Mid) 

— 

0.020 

0.10 

0.20 

0.02 

Asparagus 

0.150 

0.222 

1.07 

0.20 

0.13 

Wheat  (Late) 

0.015 

0.025 

0.12 

0.20 

0.02 

Watermelon  (Late) 

1.540 

1.030 

4.94 

0.60 

0.49 

Bare  Soil 

— 

0.100 

0.48 

0.20 

0.02 

Dry  Vegetation 

— 

0.200 

0.96 

0.00 

0.02 

Sudan  (Late) 

— 

0.020 

0.10 

0.20 

0.02 

Corn 

0.015 

0.025 

0.12 

0.20 

0.02 

Sorghum 

0.015 

0.025 

0.12 

0.20 

0.02 

Water 

— 

0.000 

0.00 

0.00 

0.00 

Urban  etc. 

— 

0.300 

1.44 

0.40 

0.46 

Res.  Veg. 

— 

0.020 

0.10 

0.20 

0.02 

a At  27  °C  and  a weekly  time  step.  Data  sources  included:  Butler  & Henneberry  (1983), 
Coudriet  et  al.  (1985),  Coudriet  et  al.  (1986),  Byrne  et  al.  (1989),  Costa  et  al.  (1991a,  b), 
Bethke  et  al.  (1991),  Powell  &Bellows  (1992a, b),  Blua  & Toscano  (1994),  Blua  et.  al. 
(1995),  Salas  & Mendoza  (1995),  Wagner  (1995),  Yee  & Toscano  (1996),  Tsai  & Wang 
(1996). 
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Fig.  6-1 . Silverleaf  whitefly  reproduction  parameter  (r  ) maps  for  the  Imperial 

Valley,  CA.  The  colorbar  next  to  each  map  shows  the  range  of  r values 
per  week  at  27  °C.  Total  weekly  egg  production  per  female  on  each 
resource  is  exp(r ).  Map  dates  are  (a)  August  31,  1994;  (b)  December  21, 
1994;  (c  ) February  23,  1995;  (d)  May  30,  1995. 
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Fig.  6-2.  Silverleaf  whitefly  immature  stage  development  parameter  (DY2  ) maps 
for  the  Imperial  Valley,  CA.  The  colorbar  next  to  each  map  shows  the 
proportion  of  immature  whiteflies  that  develop  each  week  on  each 
resource  at  27  °C.  Map  dates  are  (a)  August  31,  1994;  (b)  December  21, 
1994;  (c  ) February  23,  1995;  (d)  May  30,  1995. 
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Fig.  6-3.  Silverleaf  whitefly  immature  stage  survival  parameter  ( SY2  ) maps 

for  the  Imperial  Valley,  CA.  The  colorbar  next  to  each  map  shows  the 
proportion  of  immature  whiteflies  that  survive  each  week  on  each 
resource  at  27  °C.  Map  dates  are  (a)  August  31,  1994;  (b)  December  21, 
1994;  (c  ) February  23,  1995;  (d)  May  30,  1995. 
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Day  of  the  Year  (1994-1995) 


Fig.  6-4.  Temperature  at  three  weather  stations  in  the  Imperial  Valley,  CA  for 
the  period  July  1994  to  June  1995  . (a)  minimum,  maximum,  and 
average  temperature  at  Calipatria;  (b)  minimum,  maximum,  and 
average  temperature  at  Meloland;  (c)  minimum,  maximum,  and 
average  temperature  at  Seeley;  (d)  average  temperature  for  all  three 
sites,  and  a fitted  temperature  cycle.  The  fitted  daily  temperature 
cycle  is  given  by  21.5(1  + 0.6  cos(((2*pi)/365)*(day  - 192)), 
while  21.5(1  + 0.6  cos(((2*pi)/52)*(week  - 27))  can  be  used  to 
obtain  a weekly  temperature  cycle. 
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Fig.  6-5.  Wind  Rose  diagrams  for  three  weather  stations  in  the  Imperial  valley,  CA. 

Each  plot  presents  wind  data  collected  between  6 am-10  am  for  July  1, 
1994  to  June,  30  1995.  Bars  show  the  direction  the  wind  is  coming  from, 
and  their  lengths  indicate  frequency,  (a)  Calipatria— mean  179°  (±  46.33 
SD),  speed  2.4  m/s;  (b)  Meloland— mean  238.9°  (±  51.47  SD),  speed  2.4 
m/s;  (c)  Seeley-mean  283°  (±  61.53  SD),  speed  2.3  m/s;  (d)  average  of  the 
three  stations— mean  226.9°  (±  52.44  SD),  speed  2.3  m/s. 
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Fig.  6-6.  Montage  of  images  showing  the  effects  of  variability  in  wind  direction 
and  speed  on  the  pattern  of  adult  whitefly  dispersal  in  a spatiotemporal 
model  for  the  insect  in  the  Imperial  Valley,  CA.  Sixteen  consecutive 
dispersal  steps  in  the  model  are  presented.  The  central  distribution 
in  each  subimage  represents  the  dispersal  pattern  of  trivial  fliers  at  the 
source,  while  the  other  distribution  is  the  wind-shifted  dispersal  pattern  of 
migrators. 
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Fig.  6-7.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Average  whitefly  density  in  the  system  have  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid, 
(a)  result  of  a five  year  simulation  in  the  Valley;  (b)  adult  whitefly 
dynamics  in  a single  year. 
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Fig.  6-8.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 

Valley,  CA.  Average  whitefly  density  in  the  system  have  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid, 
(a)  result  of  a five  year  simulation  comparing  whitefly  dynamics  in  the 
entire  system  with  their  dynamics  when  no  alfalfa  is  grown;  (b)  adult 
whitefly  dynamics  in  a single  year. 
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Fig.  6-9.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Average  whitefly  density  in  the  system  have  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid, 
(a)  result  of  a five  year  simulation  comparing  whitefly  dynamics  in  the 
entire  system  with  their  dynamics  when  alfalfa  has  a dry  down  period 
(Late  July  to  Early  October);  (b)  adult  whitefly  dynamics  in  a single. 
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Fig.  6-10.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Average  whitefly  density  in  the  system  have  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid, 
(a)  result  of  a five  year  simulation  comparing  whitefly  dynamics  in  the 
entire  system  with  their  dynamics  when  no  cotton  is  grown;  (b)  adult 
whitefly  dynamics  in  a single  year. 
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Fig.  6-1 1 . Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Average  whitefly  density  in  the  system  have  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid. 

(a)  result  of  a five  year  simulation  comparing  whitefly  dynamics  in  the 
entire  system  with  their  dynamics  when  no  spring  melons  are  grown; 

(b)  adult  whitefly  dynamics  in  a single  year. 
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Fig.  6-12.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Average  whitefly  density  in  the  system  has  been  scaled  to 
the  carrying  capacity  in  a quarter  section  (one  cell)  in  the  spatial  grid, 
(a)  result  of  a five  year  simulation  comparing  whitefly  dynamics  in  the 
entire  system  with  their  dynamics  when  no  cole  crops  are  grown;  (b) 
adult  whitefly  dynamics  in  a single  year. 


Fig.  6-13.  Dynamics  of  silverleaf  whitefly  adults  from  simulations  on  the  Imperial 
Valley,  CA.  Y-axis  values  represent  adult  densities  averaged  over  the 
total  area  planted  in  each  crop  and  scaled  to  the  carrying  capacity  in  a 
quarter  section  (one  cell)  in  the  spatial  grid,  (a)  adult  whitefly  dynamics 
on  alfalfa  in  a single  year.;  (b)  adult  whitefly  dynamics  on  cotton  in  a 
single  year 


CHAPTER  7 

SUMMARY  AND  DISCUSSION 

An  animal’s  habitat  plays  an  important  role  in  its  dynamics,  yet  many  studies  that 
attempt  to  explore  these  dynamics  do  so  without  reference  to  the  structure  and  scale  of 
the  animal’s  surroundings.  Polyphagous  insect  species  like  the  sweetpotato  whitefly 
(SPW),  Bemisia  tabaci  Gennadius,  and  the  silverleaf  whitefly  (SLW),  Bemisia  argentifolii 
Bellows  and  Perring,  have  ranges  that  extend  across  large  areas  and  into  many  agricultural 
regions.  However,  the  dynamics  of  these  insect  are  normally  studied  at  the  local  or  farm 
level  with  a combination  of  laboratory  and  field  experiments.  Although  these  local  studies 
have  allowed  us  to  gather  much  information  on  the  biology  and  dynamics  of  these  insects 
on  specific  crops  and  under  specific  conditions,  the  results  cannot  always  be  extrapolated 
to  larger  spatial  systems. 

The  preceding  chapters  outlined  methodology  for  studying  the  spatiotemporal 
dynamics  of  insects  in  agricultural  systems.  The  main  focus  was  the  development  of  a 
simulation  model  that  could  be  used  for  this  purpose.  There  is  nothing  unique  in  the  use 
of  models  for  studying  insect  dynamics.  However,  many  past  models  were  non-spatial  and 
only  accounted  for  the  insect’s  temporal  dynamics  in  systems  that  were  assumed  to  be 
homogeneous,  e.g.,  monocultures.  In  insect  ecology,  spatial  models  have  been  used 
mainly  to  address  theoretical  issues  that  many  believe  could  have  some  practical 
implications,  e g.  spatiotemporal  chaos.  Very  little  has  been  done  with  spatial  models  to 
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address  more  practical  and  immediate  problems  such  as  the  whitefly  management  problem. 
The  methodology  emphasized  in  this  study  could  prove  useful  for  such  endeavors,  and  as 
was  demonstrated,  the  approach  can  be  used  for  studying  insect-habitat  interactions  in 
systems  ranging  in  extent  and  scale  from  the  farm-level  to  large-scale  regional  agricultural 
systems.  This  chapter  summarizes  some  of  the  important  concepts  highlighted  during 
these  studies  and  also  suggest  some  areas  for  future  consideration.  It  begins  with  an 
overview  of  the  insect  that  was  studied. 

The  Silverleaf  Whiteflv  Problem 

One  of  the  most  important  whiteflies  in  agricultural  production  systems  is  the 
sweetpotato  whitefly  (SPW),  Bemisia  labaci  (Gennadius),  also  commonly  known  as  the 
tobacco  or  cotton  whitefly  (Byrne  et  al.  1990).  Before  1981,  this  insect  was  considered  a 
sporadic  pest  in  the  United  Sates  (Horowitz  1986,  Byrne  & Draeger  1989,  Brown  et  al. 
1995)  but  by  the  mid-1980s  its  status  changed  dramatically  and  it  became  a primary  pest. 
The  rise  to  pest  status  of  the  SPW  was  attributed  mainly  to  the  intensification  of 
agricultural  production  and  the  greater  use  of  production  inputs  such  as  pesticides, 
fertilizers,  and  irrigation  (Ahmed  et  al.  1987,  Gill  1992).  It  is  believed  that  these  events 
resulted  in  the  evolution  of  a more  pestilent  strain  of  SPW,  strain  B (or  poinsettia  strain) 
that  was  responsible  for  the  increased  damage  (Price  et  al.  1987,  Byrne  & Miller  1990, 
Perring  et  al.  1991,1992).  Strain  B was  later  described  as  a new  species,  the  silverleaf 
whitefly  (SLW),  Bemisia  argentifolii  Bellows  & Perring  (Bellows  et  al.  (1994).  Although 
debate  on  the  true  nature  of  these  whiteflies  continues,  it  is  clear  that  much  is  still 
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unknown  about  their  biology  and  ecology.  Today,  both  insects  are  a worldwide  problem 
in  both  indoor  and  outdoor  agricultural  production  systems  and  are  responsible  for 
multimillion  dollar  losses  each  year  (Perring  et  al.  1993a,  Bellows  et  al.  1994). 

The  rapid  rise  in  pest  status  of  these  whiteflies  lead  to  a rejuvenation  of  interest  in 
their  biology  and  dynamics  (Brown  et  al.  1995).  It  is  now  known  that  these  insects  have 
the  ability  to  move  extensively  within  regional  crop  systems  (Perring  et  al.  1992,  Brown  et 
al.  1995),  and  therefore  their  dynamics  are  expected  to  be  closely  tied  to  regional  crop 
patterns  in  time  and  space.  These  observations  and  the  heavy  economic  losses  suffered  by 
farmers  encouraged  USDA/ARS,  university  and  state  scientists  in  1992  to  initiate  a 5-year 
national  research  and  action  plan  for  whitefly  management  with  the  major  goal  “to  provide 
the  necessary  research  and  team  effort  that  will  continue  to  yield  environmentally  and 
publicly  acceptable,  safe  technologies  for  area-wide  management  and  suppression  of  the 
SPW”  (Faust  1992  p.  i).  Section  F (Integrated  Approaches  and  Techniques)  of  this  plan 
recognized  that  the  whitefly  problem  could  not  be  addressed  in  the  scope  of  single  fields 
or  commodities  and  that  a commodity  management  approach  was  inadequate.  It  was 
further  recognized  that  local  studies  provided  only  a narrow  view  of  the  range  of  whitefly 
dynamics  possible  and  that  the  approaches  used  in  these  studies  were  inadequate  for  large- 
scale  studies  primarily  because  of  the  costs  and  logistics  involved.  Ecosystem  modeling 
and  spatial  analysis  were  suggested  as  good  alternatives  for  conducting  these  types  of 
studies.  In  these  studies,  a nonspecific  insect  interaction  model  was  formulated,  and 
theoretical  as  well  as  practical  facets  of  this  model  explored.  Construction  and  integration 
of  the  insect’s  spatial  environment  into  the  model  was  described  in  detail  for  real  and 
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experimental  systems.  The  model  was  specifically  applied  to  the  silverleaf  whitefly  in  a 
small-  and  a large-scale  agricultural  system. 

The  Spatially  Explicit  Population  Model 

Levin  (1992)  noted  that  the  dynamics  observed  for  animal  species  at  the  local  scale 
are  often  inadequate  for  making  predictions  on  their  dynamics  at  larger  spatial  scales. 

Since  it  is  extremely  difficult  to  manipulate  and  control  large-scale  experiments,  tools  such 
as  simulation  models  must  be  considered.  Recently,  a model  for  the  SLW  in  a regional 
(multi-crop)  system,  the  Imperial  Valley,  CA,  was  described  (Wilhoit  et  al.  1994). 
Evidence  of  other  such  models  for  this  and  many  other  insects  is  lacking. 

The  model  formulated  in  these  studies  was  a spatially  explicit  population  model 
(SEPM).  It  included  ideas  from  mobile  animal  population  models  (Dunning  et  al.  1995), 
coupled  map  lattices  (CMLs)  (Allen  1975,  Allen  et  al.1993,  Hassell  et  al.  1991,1994, 
Bascompte  & Sole  1994)  and  integrodifference  equations  (IDEs)  (Kot  & Schaffer  1986, 
Kot  1989,  Murray  1989,  Andersen  1991  Hastings  & Higgins  1994,  Neubert  et  al.  1995, 
Kot  et  al.  1996).  Researchers  in  landscape  ecology  and  management  studies  have  used 
SEPMs  extensively  and  only  recently  have  insect  ecologists  discovered  the  importance  of 
these  models  for  studying  insect  dynamics  (Fahrig  & Paloheimo  1988,  Hassell  et  al.  1991, 
Comins  et  al.  1992).  SEPMs  combine  a species  population  model  with  a habitat  map  that 
describes  the  structure  (type  and  arrangement  of  resources)  of  the  animal’s  habitat 
(Dunning  et  al.  1995,  Turner  et  al.  1995,  Conroy  et  al.  1995,  Holt  et  al.  1995).  These 
models  can  keep  track  of  individuals  or  populations  within  defined  locations  or  patches  in 
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the  animal’s  habitat.  In  this  way,  the  effects  of  changes  in  habitat  structure  on  the 
dynamics  of  the  animal  can  be  examined  in  less  time  than  it  would  take  to  conduct  the  full 
set  of  studies  on  the  actual  system. 

The  specific  model  formulated  was  based  on  the  familiar  Nicholson-Bailey  (NB) 
model  (Nicholson  &Bailey  1935)  that  is  well  known  in  ecology.  Other  prey-predator 
models  such  as  that  given  in  Kot  (1989)  can  however  be  used  in  place  of  the  NB  model. 
This  makes  this  approach  quite  robust.  The  robustness  of  the  approach  is  enhanced  by 
using  IDEs  to  model  species  dispersal.  The  dispersal  function  (A}  in  the  IDEs  are  very 
general  and  can  be  constructed  directly  from  field  data.  The  allow  us  to  experiment  with 
different  hypotheses  concerning  dispersal  behavior.  A few  examples  of  dispersal  density 
functions  for  insects  were  discussed. 

One  may  question  whether  the  dynamics  generated  by  models  that  use  IDES  to 
perform  dispersal  are  any  different  from  those  generated  using  more  traditional  dispersal 
rules  such  as  queen’s,  bishop’s  and  rook’s  moves.  The  answer  to  this  question  is  no.  In 
simulations  where  IDEs  were  used  to  accomplish  dispersal,  the  spatiotemporal  dynamical 
patterns  were  similar  to  those  observed  with  the  types  of  dispersal.  The  patterns  included 
spiral  waves  of  predator  chasing  prey,  crystal  lattices,  and  spatiotemporal  chaos  (Hassell 
et  al.  1991,  Comins  et  al.  1992).  It  was  also  shown  that  mathematical  stability  of  the 
already  unstable  model  was  not  achieved  by  adding  species  dispersal,  but  that  dispersal  did 
affect  the  degree  of  persistence  (dynamical  stability)  of  the  system. 

The  model  also  had  the  ability  to  include  some  information  on  the  animal’s  habitat 
(although  not  explicitly).  This  information  entered  through  the  resource  map  that  was 
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either  used  to  index  parameters  for  the  animal  in  a lookup  table  or  to  create  parameter 
maps  for  the  animal  for  the  resources  in  the  system.  This  aspect  of  the  model  gives  us  the 
ability  to  manipulate  the  animal’s  habitat,  and  to  experiment  and  study  the  effects  of 
various  resource  structures  on  species  dynamics.  Construction  of  resource  maps  was 
therefore  a major  part  of  these  studies. 

Resource  Maps 

The  construction  of  resource  maps  was  shown  for  systems  of  two  extreme  extents. 
A farm-level  resource  map  was  created  for  the  SLW  at  Pine  Island  Organics  that  had  an 
extent  of  approximately  31  hectares.  All  that  was  required  to  create  this  map  was  for 
precise  measurements  of  the  farm  and  a record  on  all  features  that  were  relevant  to  the 
insect.  The  other  SLW  resource  maps  were  constructed  on  large  regional  agricultural 
systems  (San  Joaquin  Valley  and  Imperial  Valley,  California).  Information  on  these 
systems  were  obtained  through  remote  sensing  with  Lansat  satellites.  In  addition,  ground 
truth  data  was  required  to  classify  agricultural  features  in  these  maps.  The  resources  maps 
from  satellite  data  are  obviously  more  difficult  and  costly  to  construct,  required  a greater 
amount  planning,  and  were  expected  to  be  less  accurate  than  the  maps  created  from 
information  taken  directly.  Although  this  technology  is  prohibitive  to  many  potential  users 
at  this  time,  the  future  growth  in  the  use  of  this  technology  is  expected  to  be  rapid 
especially  with  plans  in  place  to  launch  several  high  quality  satellites  in  the  near  future. 


238 


Applying  the  Model  to  Whiteflies  in  Two  Spatial  Systems 

The  appropriateness  of  the  spatially  explicit  age-structured  model  as  a tool  for 
studying  insect  dynamics  was  demonstrated  with  respect  to  the  SLW  in  two  different  size 
systems.  These  studies  were  not  intended  as  validation  exercises  per  se,  but  ones  that 
served  to  illustrate  the  utility  of  the  model  for  studying  insect  dynamics  in  temporally  and 
spatially  varying  crop  systems. 

The  first  study  in  the  Pine  Island  system  combined  field  sampling  with  simulation 
modeling.  The  data  generated  by  the  model  were  first  standardized  with  the  field  data, 
after  which  the  model  was  used  to  examine  the  effects  of  changes  in  crop  arrangements  on 
the  dynamics  of  whiteflies.  The  results  indicated  that  changes  in  the  spatial  structure  of 
resources  at  the  farm  did  influence  SLW  dynamics. 

The  large-scale  study  looked  at  the  insect  and  its  interaction  with  host  plants  in  the 
Imperial  Valley,  California.  In  this  case,  the  dynamics  generated  by  the  model  were 
compared  with  data  available  in  the  literature  (Meyerdirk  & Coudriet  1986,  Youngman  et 
al.  1986,  Blua  et  al.  1994)  and  also  with  data  generated  by  another  simulation  model  for 
the  insect  in  the  Imperial  Valley  (Wilhoit  et  al.  1994).  The  results  showed  that  alfalfa  had 
the  most  significant  effect  on  whitefly  population  levels  in  the  Valley.  Complete  removal 
of  alfalfa  resulted  in  a 6.4-fold  reduction  of  whiteflies,  while  summer  removal  (or  alfalfa 
dry  down)  caused  a 2.75-fold  reduction.  It  was  also  clear  that  alfalfa  is  not  a good 
overwintering  host  for  whiteflies  but  seems  to  be  an  important  host  during  the  summer 
(Yee  & Toscano  1996).  Whitefly  populations  in  the  Valley  could  be  controlled  by 
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completely  removing  alfalfa  from  the  system.  Of  course,  this  is  not  and  probably  will 
never  be  the  politically  or  economically  correct  approach  to  adopt. 

Final  Considerations 

The  tool  developed  in  these  studies  for  studying  insect  dynamics  in  regional 
agricultural  systems  can  become  an  important  part  of  regional  Integrated  Pest 
Management  programs.  However  for  it  to  be  widely  accepted,  its  usefulness  must  be 
demonstrated  under  varying  conditions.  A number  of  gaps  still  exist  in  the  approach  as  it 
was  presented  and  these  occur  mainly  because  of  the  lack  of  available  data.  This  exercise 
also  pointed  out  areas  where  more  research  efforts  are  needed.  The  lack  of  data  on  the 
biology  of  whitefly  natural  enemies  as  a group  is  obvious.  In  the  model,  the  natural  enemy 
component  was  modeled  as  a natural  enemy  complex  or  a single  generic  species.  While 
this  may  be  adequate  for  the  insect  in  the  Imperial  Valley  system  where  natural  enemy 
effects  on  whitefly  populations  are  limited,  one  may  question  this  approach  for  whiteflies 
in  Florida.  Another  area  of  interest  is  in  the  dispersal  of  these  natural  enemies.  Recently, 
efforts  have  been  made  to  study  whitefly  dispersal  (Byrne  et  al.  1996).  The  spatial 
movement  of  natural  enemies  within  the  same  locations  have  not  received  the  same 
attention.  Finally,  it  is  clear  especially  from  the  Imperial  Valley  study  that  data  on 
environmental  factors  such  as  wind  and  temperature  are  very  important  for  the  success  of 
this  approach  and  therefore  in  designing  and  using  models  in  these  systems  extensive  data 
on  environmental  variables  are  required. 


APPENDIX 

EQUILIBRIUM  AND  STABILITY  ANALYSIS 

Maple  V software  (Waterloo  Maple  Inc.  450  Phillip  St.  Waterloo,  ON  N2L 
5J2,  Cananda)  was  used  to  derive  equilibrium  or  steady-states,  and  stability 
conditions  for  the  discete-time  systems  presented  in  Chapter  3.  Stability  conditions 
were  based  on  several  methods  including  the  Iimers  or  Determinant  approach 
described  by  Jury  (1964,1971,1974).  The  analyses  were  done  on  a 200  MHz. 
Pentium  Pro  IBM-compatible  personal  computer  running  under  Windows  NT4 
operating  system. 

1.1  Equilibrium  and  Stability  in  the  Nicholson-Bailev  Predator-Prey  Modej 
(a):  The  Non-Spatial  Model: 

Initialize  linear  algebra  toolbox 

> with (linalg) : 

f and  g are  the  prey  and  predator  at  t+1,  respectively 

> f :=  r*Y*exp (-a*Z) ; 

g :=  c*Y* (1  - exp(-a*Z)); 

f.-rY  e(_aZ) 
g :=cY(  l-e('aZ)) 

Equilibrium  population  levels 

> sols  :=  solve ({ f=Y , g=Z } , {Y,Z}); 
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241 


ln(r) 

sols  :=  { Z=  0,  Z = 0 },  {Z  = 


in(r)r 
ca(r-  1) 


> solve ( { f =Y } , { r } ) ; 


1 


Jacobian  or  community  matrix 
> A : = subs (exp (-a*Z)  = 1/r,  sols [2] 

, matrix (2,2, [ [diff (f,Y) ,diff (f,Z) ] , [diff (g,Y) ,diff (g, 
Z)  ]]))  ; 


A := 


f 


1 


1 - — 

V r J 


ln(r)  r 

c(r-  1) 
Hr) 
r - 1 


Determinant  and  trace  of  A. 

> DA  :=  det(A);  TA  :=  trace (A) ; 

ln(r)  r 


DA  :=' 


TA  :=  1 + 


r - 1 
ln(r) 


r-  1 


Characteristic  equation  (polynomial) 

> CP  :=  collect (charpoly (A, lambda) , lambda); 


, ( 1 -ln(r)  -r)  X ln(r)r 

CP:=X2+- — — + — 

r - 1 r-  1 


Stability  of  equilibrium  states  are  determined  by  evaluating  (2  > 1 + det  > |trace| 

)• 

> solve ({2  > 1 + DA}  , { r } ) ; solve ({ 1 + DA  > 


abs(TA)  } , { r } ) ; 
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{r<  1} 

{1  <r) 

Result:  1 > r > 1 cannot  be  true  so  equilibrium  in  this  model  are  never  stable 

> 


(b):  Spatial  IDE  Model  with  1-D  Gaussian  Dispersal  (Mean  = 0.0  , SD  = 1.Q1. 


> with (inttrans) : 

Dispersal  kernels  (prey  dispersal  is  Kn,  predator  dispersal  is  Kp) 

> Kn := (1/ sqrt (2*pi) ) *exp(- (x) A2/ (2) ) ; 

Kp : = (1/sqrt (2*pi) ) *exp(-(x) A2/ (2) ) ; 

Kn  :=-J T 

2 yrc 

1 Vz  e'-,a'2) 

KP=2 

Fourier  Transform  (FFT)  of  1-D  dispersal  kernels: 

> kn:=fourier (Kn,x, omega) ;kp  :=fourier (Kp,x, omega) ; 


kn  := 


kp:= 


^ e(  1 


/2  (o  ) 


r~  (-i/2co2) 

^71  e 


Dispersal  matrix  ( K ) 

> K : = matrix (2, 2, [kn,0,0,kp]) ; 


K:= 


'Jn  e(  1 


/2  o>  ) 


'/k'  e(  1 


/2  to  ) 


0 
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Evaluate  FFT  of  dispersal  kernel  and  Jacobian. 


> KA  :=  evalm(K&*A)  ; 


% 1 ln(r) 


Ji  %1  ln(r)  r 
'Jk  c (r-  1 ) 


'Jk 


Determinant  and  trace  of  KA: 

> dA  :=  simplify (det (KA) ) ; beta  :=  simplify (trace  (KA)  ) ; 


Characteristic  equation  (polynomial)  with  1-D  dispersal: 

> CP  :=  collect (simplify (charpoly (KA, lambda) ) , lambda); 


(nr-n)  X2 

CP :=- — 

n(r-l) 

Tt(r-l) 


Jury  conditions  (Cl  - C3)  for  stability  (Eqn  3.35)  evaluated  as  r approaches  infinity: 


Criterion  1 : 


*[k  e(  1 /2“  ) (r  - 1 + ln(r)) 

ifiz  (/■—!) 


+ 


7t  )ln (r)r 

K(r-\) 


> Cl  :=  (1  - beta  + dA  > 0)  ; 
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Cl  :=  0 < 1 - 


jiic(  1/2a>2)(r-  1 +ln(r))  n e(  m } 


'/it"  (r-  1)  71  (r 

> limit (1  - beta  + dA,  r = infinity); 


00 


signum(  e(o>  ))signum(7i) 


Criterion  2: 

> C2  :=  (1  + beta  + dA  > 0) ; 

2, 


C2  :=  0 < 1 + 


'/tc~ e(  1/201  1 +ln(r))  n e1 


(-CD2) 


>/ri"  (r  - 1 ) K (/‘ 

> limit (1  + beta  + dA,  r = infinity); 


00 


2 

signum(  e 0>  ;)signum(7r) 


Criterion  3 : 

> C3  :=  (1  - dA  > 0) ; 

C3  :=  0 < 1 - 


7te(~“  )ln(r)r 


n(r-  1) 

> limit (1  - dA,  r=infinity) ; 

00 


signum(  e(w  ))  signum(  k ) 


Result:  C3  < 0.  The  system  is  unstable  with  1-D  dispersal 


ln(r)  r 

=TT 


ln(r)  r 

rTT 


1.2  Stability  of  a Discrete-Time  4th  Order  System 
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> with (linalg) : 

4th-Degree  characteristic  polynomial: 

> C [lambda] :=a [4] *lambdaA4  + a [3] *lambdaA3  + 
a [2] *lambdaA2  + a[l]*lambda  + a[0]; 

Cx  :=  ci4  X4  + a3  X3  + a2  X.  + cix  X + ci0 

Stability  Conditions  1 : C(l)  > 0 and  C(-l)  > 0 

> C [ [ 1 ] ] :=  subs (lambda  = 1,  eval (C [lambda]  > 0)); 

C(1  ] :=  0 < a4  + a3  + a2  + ax  + a0 

> c [ [-1 ] ] :=  subs (lambda  = -1 , eval (C [lambda]  > 0) ) ; 


Cj.jj  :=  0 <a4-a3  + a2-al+a0 
Form  matrices  (Wn  and  Xn)  from  coefficients  the  polynomial: 

> W [n] : =matrix (5,5, [a[4] ,a[3] ,a[2] ,a[l] ,a[0] , 0 , a [4 ] ,a[3 
] ,a[2] ,a[l] , 0 , 0 , a [4 ] ,a[3] ,a[2] , 0 , 0 , 0 , a [4 ] ,a[3] ,0,0,0, 
0 , a [ 4 ] ] ) ; 


W„ 


c U 

0 

0 

0 

0 


a3  a2  ax  a0 

Ct.  Cl-,  Cl-.  Cl i 


0 

0 

0 


aA  a , 


0 

0 


a-, 


ct4  a3 
0 a 


4j 


> X [n] :=matrix (5,5, [a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,a[3] ,a[2] , 
a[l] ,a[0] ,0,a[2] ,a[l] ,a[0] ,0,0,a[l] ,a[0] , 0 , 0 , 0 , a [0 ] ,0 


,0,0,0]) ; 


a4 

a3 

a2 

ai 

a3 

a2 

a\ 

ao 

= 

a2 

ax 

ao 

0 

ax 

ao 

0 

0 

1 

& 

o 

0 

0 

0 

Form  (Wn  + Xn)  and  (Wn  - Xn)  matrices: 
> WXa  :=  evalm(W[n]+X[n] ) ; 


0 

0 

0 

0 
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2 a4 

2 a3 

2 a2 

2 ax 

2 a0 

a4  + a2 

a2  + ax 

a2+a0 

ax 

WXa  := 

a2 

ai 

a4  + a0 

a2 

ai 

ao 

0 

a4 

«3 

,ao 

0 

0 

0 

a4  . 

evalm(W[n] 

-X[n] ) ; 

’ 0 

0 

0 

0 

o’ 

WXb  := 


~°3 

ci4-a2 

a3~ax 

a2  a0 

ai 

-a2 

-ax 

«4-«0 

a3 

a. 

~a\ 

~ao 

0 

a4 

a 

ra o 

0 

0 

0 

a. 

Stability  Condition  2:  Determinant  of  the  inners  (k  = 1)  >0. 

> eval (WXa[3,3]  > 0);  eval (WXb [3 , 3]  > 0); 

0 < a4  + a0 
0 < a4  - a0 

Inners  (Wn  + Xn)  and  (Wn  - Xn)  at  k = 3: 

> I3a:=array(l. .3,1. .3, [ [WXa [2, 2] ,WXa[2,3] ,WXa[2,4] ] , [W 
Xa [3,2] , WXa [3,3] ,WXa[3,4] ] , [WXa[4,2] , WXa [4, 3] ,WXa[4,4 

] ] ] ) ; 


I 3a  := 


a4  + a2  a3  + ax  a2  + a0 


ax  a4  + a0 


an 


0 


a-, 


A0  u . 

> I3b:=array (1 . .3,1. .3, [ [WXb [2, 2] , WXb [2, 3] , WXb [2, 4] ] , [W 
Xb [3,2] ,WXb [3,3] , WXb [3,4] ] , [WXb [4, 2] , WXb [4, 3] , WXb  [4, 4 

] ] ] > ; 


I3b  ■= 


a 4 a2  a3  ax  a2  axx 


a i a4  ao 


-an 


0 


a-, 


aA 


-«0  " "M 

Stability  Condition  3 : Determinant  of  the  inners  (k  = 3)  >0: 

> eval (det (I3a)  > 0);  eval (det (I3b)  > 0); 

322  22  223 

0 <a4  + a0a4  + a2a4  - a,  a4  a3  - ax  a4  + a0  a3  + a0  a3  ax  - a2a 0 - a0  a4  - a0 

322  22  223 

0<a4  -a0a4  -a2a4  + 2 ci4a2  a0  + ax  a4a3  - ax  a4-a0a3  + a0a3ax  - a2a0  - a0  a4  + a0 


1.3  Two  Examples  of  Stability  with  4th  Degree  Polynomials 
(a):  An  Unstable  System 
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a [ 1 ] :=  -7;  a[0]  :=  2; 


> with (linalg)  : 

> lambda  :=  'lambda'; 

Coefficients  of  the  characteristic  polynomial 

> a [4 ] :=  1;  a[3]  :=  -1;  a[2]  :=  9; 

a4:=\ 

ai  :=  -1 

a2  :=  9 
a,  :=  -7 
a0  :=  2 

Characteristic  polynomial: 

> C [lambda]  :=  a [4 ] *lambdaA4  + a [3] *lambdaA3  + 
a [2 ] * lambda A2  + a[l]*lambda  + a[0]; 

Cx  :=  X4  - X3  + 9 X2  - 7 X + 2 

Stability  Conditions  1:  C(l)  > 0 and  C(-l)  > 0 

> c [ [ 1 ] ] :=  subs (lambda  = 1,  eval (C [lambda] >0) ) ; 

^[i]  :=  0 < ^ 

> C[ [-1] ] :=  subs (lambda  = -1 , eval (C [lambda] >0) ) ; 

q.,,  :=  0 < 20 

> W [ n ] : =ma tr ix (5,5, [a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,0,a[4] ,a[3] ,a 
[2] ,a[l] , 0 , 0 , a [4 ] ,a[3] ,a[2] , 0 , 0 , 0 , a [4 ] ,a[3] ,0,0,0,0,a[4] 

])  ; 


W.  := 


-1 

1 

0 

0 

0 


9 

-1 

1 

0 

0 


-7 

9 

-1 

1 

0 


2 

-7 

9 

-1 

1 


> X [n] :=matrix (5,5, [a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,a[3] ,a[2] ,a[l 
] ,a[0] , 0 , a [2 ] ,a[l] ,a[0] , 0 , 0 , a [ 1 ] ,a[0] , 0 , 0 , 0 , a [0 ] ,0,0, 0,0 

]) ; 
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> WXa  : = 


’ 1 

-1 

9 

-7 

2 

-1 

9 

-7 

2 

0 

:= 

9 

-7 

2 

0 

0 

-7 

2 

0 

0 

0 

. 2 

0 

0 

0 

0_ 

evalm  (W  [ n ] +X  [ n ] 

) ; 

' 2 

-2 

18 

-14 

4 

-1 

10 

-8 

11 

-7 

WXa  := 

9 

-7 

3 

-1 

9 

-7 

2 

0 

1 

-1 

. 2 

0 

0 

0 

1 

> WXb  :=  evalm(W[n] -X[n] ) ; 


' 0 

0 

0 

0 

0 

1 

-8 

6 

7 

-7 

WXb  := 

-9 

7 

-1 

-1 

9 

7 

-2 

0 

1 

-1 

.-2 

0 

0 

0 

1 

Stability  Conditions  2:  Determinant  of  inners  (k  = 1)  > 0 
eval (WXa [3, 3] >0) ; eval (WXb [3, 3] >0) ; 

0 < 3 
0<-l 

One  condition  is  violated.  Therefore  the  system  is  unstable 


> I 3a : =ar ray ( 1 . .3,1. . 3 , [ [WXa [2 ,2] , WXa [2,3] , WXa [2,4]] 

3.2]  , WXa [3,3] , WXa [3,4] ] , [WXa [4, 2] , WXa [4, 3] , WXa [4, 4 

10  -8  ll‘ 

I3a:=  -7  3 -1 

.20  1. 

> I3b:«array(l. .3,1. .3, [ [WXb [2, 2] , WXb [2, 3] , WXb [2, 4] ] 

3.2]  ,WXb[3,3] , WXb [3,4] ] , [WXb [4, 2] , WXb [4, 3] , WXb [4,4 

'-8  6 1 

I3b  :=  7 -1  -1 

.-2  0 1. 

Stability  Conditions  3 : Determinant  of  inners  (k  = 3)  > 0 

> eval (det (I3a)  > 0);  eval (det (I3b)  > 0) ; 

0 < -76 


0 < -36 

These  Conditions  are  also  violated.  The  system  is  unstable 


, [WXa [ 
] ] ] ) ; 


, [WXb[ 
] ] ] ) ; 
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(b):  A Stable  System 

Coefficients  of  the  characteristic  polynomial 

> a [4 ] :=  1;  a[3]  :=  0.8;  a[2]  :=  0.55;  a[l]  :=  0.4;  a[0] 

:=  0.12; 

a4:=\ 

ai  ■=  8 

a2  :=  .55 

a,  :=  .4 

a0:=12 

Characteristic  polynomial: 

> C [lambda]  :=  a [4 ] *lambdaA4  + a [3] *lambdaA3  + 
a [2] *lambdaA2  + a[l]*lambda  + a[0]; 

Cx:=?l4  + .8X3  + .55X2  + .4X  + .12 


Stability  Conditions  1 : C(l)  > 0 and  C(-l)  > 0 
> C[ [1] ] :=  subs (lambda  = 1,  eval (C [lambda] >0) ) ; 


C(1]  :=  0 < 2.87 


> C[ [-1] ] :=  subs (lambda  = -1 , eval (C [lambda] >0) ) ; 


Cj.jj  :=  0 < .47 


> W[n]  := 


W„  := 


> X [n]  := 


] 

/ a [2 ] ,a  [1] 

,a[0] ,0 

] 

,0, 

0,0, a[4] , a [3 ] , 

"l 

.8  .55 

.4 

12 

0 

1 .8 

.55 

.4 

0 

0 1 

.8 

55 

0 

0 0 

1 

.8 

.0 

0 0 

0 

1 . 

] 

, a [2  ] , a [ 1 ] 

,a [0]  , a 

0 

, a [ 1 ] , a [0 ] 

,0,0 

,0, 

1 

.8  .55 

.4 

.12 

8 

.55  .4 

.12 

0 

55 

.4  .12 

0 

0 

4 

.12  0 

0 

0 

12 

0 0 

0 

0 
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> WXa  :=  evalm(W  [n] +X[n] ) ; 


2 

1.6 

1.10 

.8 

.24 

.8 

1.55 

1.2 

.67 

.4 

WXa  := 

.55 

.4 

1.12 

.8 

.55 

.4 

.12 

0 

1 

.8 

..12 

0 

0 

0 

1 

: = evalm  (W  [ n ] -X  [ n ] ) ; 

" 0 

0 

0 

0 

0 

-.8 

.45 

.4 

.43 

.4 

WXb  := 

-.55 

-.4 

.88 

.8 

.55 

-.4 

-.12 

0 

1 

.8 

.-.12 

0 

0 

0 

1 

Stability  Conditions  2:  Determinant  of  inners  (k  - 1)  > 0 
> eval (WXa [3, 3] >0) ; eval  (WXb  [3 , 3]  >0)  ; 

0 < 1.12 


0 < .88 


> I3a  := 

array (1. .3,1. .3, [ [WXa [2, 2] , WXa [2, 3] , WXa [2,4] ] , [WXa [3,2] , 
WXa [3, 3] , WXa [3,4] ] , [WXa [4, 2] , WXa [4, 3] , WXa [4, 4] ] ])  ; 


13a 


1.55  1.2  .67 

.4  1.12  .8 

.12  0 1 . 


> I 3b  := 

array (1. .3,1. .3, [ [WXb [2, 2] , WXb [2, 3] , WXb [2, 4] ] , [WXb [3, 2] , 
WXb [3, 3] , WXb [3,4] ] , [WXb [4, 2] , WXb [4, 3] , WXb [4, 4] ] ])  ; 


13b 


.45  .4  .43 

-.4  .88  .8 

-.12  0 1 . 


Stability  Conditions  3:  Determinant  of  inners  (k  - 3)  > 0 
> eval (det (I3a)  > 0);  eval (det (I3b)  > 0) ; 


0 < 1.281152 
0 < .563008 


No  Conditions  are  violated.  The  system  is  stable 


1.4:  Stability  Criteria  for  a 6th-Order  Discrete-Time  System 
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6th  degree  characteristic  polynomial 

> C [lambda] :=a [6] *lambdaA6  + a [5 ] *lambdaA5  + a [4 ] *lambdaA4 
+ a [3] *lambdaA3  + a [2 ] *lambdaA2  + a[l]*lambda  + a[0]; 

Cx  :=  a6  X6  + a5  X5  + a4  A.4  + a3  A,3  + a2  X2  + ax  X + a0 

Stability  Conditions  1 : C(l)  > 0 and  C(-l)  > 0 

> c [ [1 ] ] : = subs (lambda  = 1,  eval (C [lambda] >0) ) ; 

Cjjj  :=  0 < a6  + a5  + a4  + a3  + a2  + ax  + a0 

> c[ [-1] ] :=  subs (lambda  = -1 , eval (C [lambda] >0) ) ; 


Cj.jj  :=  0 < a6  - a5  + a4  - a3  + a2  - ay  + a0 

Form  matrices  (Wn  and  Xn)  from  the  coefficients  of  the  polynomial 
> W [n] :=matrix (7,7, [a[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,0,a 
[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] ,0,0, a [6] ,a[5] ,a[4] ,a[3] ,a[2 
] ,0,0,0, a [6] ,a[5] ,a[4] ,a[3] , 0 , 0 , 0 , 0 , a [ 6] ,a[5] ,a[4] ,0,0,0 
,0,0, a [6] ,a[5] , 0 , 0 , 0 , 0 , 0 , 0 , a [6] ]) ; 


a5 

a4 

a3 

a2 

a\ 

ao 

0 

a6 

a5 

a4 

a3 

°2 

ax 

0 

0 

a6 

a5 

a4 

a3 

a2 

— 

0 

0 

0 

a6 

a5 

a4 

a3 

0 

0 

0 

0 

a6 

a5 

a4 

0 

0 

0 

0 

0 

a6 

a5 

1 

o 

0 

0 

0 

0 

0 

a6. 

> X [n] : =matrix (7,7, [a[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,a[5] , 
a[4] ,a[3] ,a[2] ,a[l] ,a[0] , 0 , a [4 ] ,a[3] ,a[2] ,a[l] ,a[0] , 0 , 0 ,a [ 
3] ,a[2] ,a[l] ,a[0] ,0,0,0, a [2] ,a[l] ,a[0] ,0,0,0,0,a[l] ,a[0] ,0 


,0,0,0,0,a[0] ,0,0, 0,0, 

0, 

0])  ; 

«6 

°5 

a4 

a3 

a2 

ax 

a5 

a4 

a 3 

°2 

ai 

ao 

a4 

«3 

a2 

ao 

0 

a3 

a\ 

a0 

0 

0 

a2 

a\ 

ao 

0 

0 

0 

a\ 

a0 

0 

0 

0 

0 

“o 

0 

0 

0 

0 

0 

Form  (Wn  + Xn)  and  (Wn  - Xn)  matrices: 
> WXa  :=  evalm (W [ n ] +X [ n ] ) ; 


cl 


o 


0 

0 

0 

0 

0 

0. 
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2 a6 

2 a5 

2 a4 

N> 

S5 

2 a2 

2 ax 

2 a0 

a5 

a6  + a4 

a5+a3 

a4  + a2 

a3  + ax 

a2+a0 

a\ 

Ci4 

a3 

a6  + a2 

a5  + ax 

«4  + «0 

a3 

Cl  >2 

WXa  := 

a3 

a2 

ax 

«6+«0 

a5 

a4 

«3 

a2 

ai 

ao 

0 

a6 

a5 

a4 

ao 

0 

0 

0 

a6 

a5 

ao 

0 

0 

0 

0 

0 

a6 

> WXb  :=  evalm (W [n]  - 

X [n] ) ; 

" 0 

0 

0 

0 

0 

0 

o' 

~a5 

a6-a 

4 

a4-a2 

a3-ax 

a2  — a0 

a\ 

-a4 

-«3 

a6-a2 

ai  ~ a\ 

a4-a0 

a3 

a2 

WXb  V- 

-«3 

~a2 

~ai 

a(,~ao 

a5 

a4 

a3 

-a2 

~al 

-a0 

0 

a6 

as 

a4 

~a\ 

-a0 

0 

0 

0 

a6 

a5 

ra  o 

0 

0 

0 

0 

0 

«6. 

Stability  Conditions  2:  Determinant  of  inners  (k  - 1)  > 0 
> eval (WXa [ 4 , 4 ] >0 ) ; eval (WXb [4 , 4 ] >0) ; 


0 <a6  + a0 
0<a6-ao 


Inners  (Wn  + Xn)  and  (Wn  - Xn)  at  k - 3: 

> I3a : =array (1. .3,1. .3, [ [WXa [3,3] ,WXa [3 , 4 ] , WXa [3 , 5 ] ] , [WXa  [ 
4,3] , WXa [4, 4] , WXa [4, 5] ] , [WXa [5,3] , WXa [5, 4] , WXa [5, 5] ] ])  ; 


1 3a  := 


a6  + a2  a5+  ax  a4  + a0 


a,  a6  + a(] 


On 


0 


On 


> I3b:=array(l. .3,1. .3, [ [WXb [3, 3] ,WXb[3,4] , WXb [3, 5] ] , [WXb[ 
4,3]  , WXb [4, 4]  , WXb [4, 5] ] , [WXb [5, 3]  , WXb [5, 4]  , WXb [5, 5] ] ] ) ; 


13b  := 


a$  a j a3  ax  a4  a^ 


-a, 


Cln 


a6  °0 


0 


a. 


a. 


Stability  Conditions  3:  Determinant  of  inners  (k  - 3)  > 0: 

> eval (det (I3a) >0) ; eval (det (I3b) >0) ; 

3 2 2 2 2 
0 < a6  +a0a6  +a2  a6  + a6  a2  a0  - ax  a6  a5  - ax  a6+  a0  a5  + a0  a5  ax  - a0  a4  a6 


-a4a0  - a0  a6-a0 
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0<a6~  °0  \ ” W + V2  V V6  V ° ^ °6  " Vs  + Vs  V °0  a4  °6 


a4°0  a0  a6  + °0 


Inners  (Wn  + Xn)  and  (Wn  - Xn)  at  k - 5: 

> I 5a : =array (1. .5,1. .5, [ [WXa [2,2] , WXa [2,3] , WXa [2,4] , WXa [2 , 

5]  , WXa [2,6]], [WXa [3,2] ,WXa[3,3] ,WXa [3 , 4 ] , WXa [3 , 5 ] ,WXa[3, 

6]  ] , [WXa [4, 2] , WXa [4, 3] , WXa [4, 4] , WXa [4, 5] , WXa [4, 6] ] , [WXa  [ 

5.2]  , WXa [5,3] , WXa [5, 4] , WXa [5, 5] , WXa [5, 6] ] , [WXa [6,2] ,WXa[ 

6.3]  , WXa [6,4] , WXa [6,5] ,WXa[6,6] ] ]) ; 


a6  + a4 

a5  + a3 

a4  + a2 

a3+ax 

a2  + a 

a3 

a6  + a2 

a5  + ax 

a4  + a0 

a3 

I5a  := 

a2 

ax 

a6  + a0 

a5 

a4 

ax 

a0 

0 

a6 

a5 

. ao 

0 

0 

0 

a6 

I5b:=array (1 . 

5,1.  .5 

, [ [WXb [2 , 2 ] , 

WXb [2, 

3]  , WXi 

] , [WXb [4 , 2 ] , WXb [4,3] ,WXb[4,4] ,WXb[4,5] ,WXb[4,6] ] , [WXb[5,2 
] , WXb [5, 3] , WXb [5, 4] , WXb [5, 5] , WXb [5, 6] ] , [WXb [6, 2] ,WXb[6,3] 
, WXb [6, 4] , WXb [6, 5] , WXb [6, 6] ] ])  ; 


I5b  := 


ai  a3 

a4 

~ a2 

a3  ax 

a2-a 

~a3 

a6-a2 

a5 

-ax 

a4~ao 

a3 

= 

-a2 

~ax 

ae 

~ao 

a4 

-ax 

~ao 

0 

a6 

a5 

. ~ao 

0 

0 

0 

ae 

Stability  Conditions  4:  Determinant  of  Inners  (k  - 5)  >0: 

> eval (det (I5a) >0) ; eval (det (I5b) >0) ; 

2 2 2 2 2 2 2 
0 <-a0a6  a2  -a0a2a4a5  -a0a  x a5a3  + a0axa5a4  +a0  a6a5a3+a2a0  a5ax 

3 2 2 

+ a0  ax  ci2  a5  a4  + a0  ax  a5  + a2  a6  a5a3  + 2 a2  a0  a6  a4  + a2  a0  ax  a6  a5 

2 2 2 2 

- 3 a2  a0  a6  ax  a3  - 2 a2  a0  ax  a6-ax  a0a4a6-ax  a6  a2  a4  + 3 ax  a5  a0  a6 

2 2 2 

- ax  a3  a5  a6  + ax  a5  a6  a2  - ax  a3  a0  a4  a6  + ax  a2  a5  a6a4  + 2 ax  a0  a5  a4 

2 2 2 2 2 2 2 2 2 
+ a0  ax  a4  a3  + a3  a0  ctia4  + 2 a2  a0  a5  a3  - a0  a2  a4  + a0  ci4  a , + a0  ax  a6 

2 2 3 5 


2 2 


2 2 


- aQ2  a 3 a6  + a0  a3  a5  + a0  a6  a3  - a0  a2  a5  - a0  ax  a5  - a0  a5  ax  + a0 

2 4 2332  423  423 

+ 2 a0  a6  a2  a4+ax  a6-  2 a5  a0  - a0  a3  + a2  a0  - a0  a4  + a4  a0  - a4  a0 
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44  22  2 2 i 

+ a0a3  +a0  a6  + a2a6  a3  + 3a0axa6  a5+ci4ctxa6  a5-2  a4a0a5  a6 

2 2 2 

+ a4  a0  a,  a6  «5  + a3  a5  a0  + 2 a3  a,  a6  a4  + a3  a,  a6  a2  - 3 a3  a0  a5  a6  a4 

2 2 23  2222 

- a3  o0  a5  a6  a2  + a3  a0  ax  a6  + a3  a6  a0  ax  - a6  a2  + a0  a5  a6  - a0  a4  a6 

22  22  3 223  3 22 

-a4ax  a6  + a6a0  a3  -a3a6  a5-a,  +ai  a6a5  + a6ai  a3_ai  a6a4 

22  22  3 3 22  33 

-aj  a6  a2-a0ax  a6  -axa5  a6-axa6  a3-a0  a5  a4-a3a5a0  -a0  axa3 

3 2 24  4 23  23  32  4 

-a0  a5ax-a0  a2a5  +a6  a0+a6  a2-2ax  a6  -2  a0  a6  -2  a0  a6  +a4a6 

~al  al~ala  2 +a6  - ae  ci2  a4-axa6  ai  + 2a2axa6  a5-a0a6a2a5 

2 2 2 2 2 2 
-2  a0  a4  a6  - 2 a6  a2a0  +2  a4  a6  a2a0  + 2 ci2  a0  a4  a6 


2 2 4. 

0 < -a0  a6  a2  - a0  a2  a4  a5  + a0  ax  a5  a3  + a0  cix  a5  a4  +3  a0  a6  a5  a3  + 3 a2  a0  a5  ax 

3 2 2 2 2 

- a0  ax  a2  a5  a4  + a0axa5  +2  a6  a2  a0  + a2  a6  a5a3  + 2 a2  a0  a6  a4  + a2  a0  a x a6  a5 

2 2 2 2 
+ 3 a2a0a6ax  a3-  4 a2a0ax  a6  + ax  a0a4a6  + ax  a6a2a4  3axa5a0  a6 

22  2 

- ax  a3  a5  a6  - ax  a5  a6  a2  - ax  a3  a0  a4  a6  + ax  a2  a3  a6  a4  - 2 ax  a0  a5  a4 

2 2 2 2 2 2 2 2 2 

- a0  ax  a4a3  + 3 a3  a0  a5  a4  - 2 a2  a0  a5  a3  + a0  a2  a4  + a0  a4  ax  + a0  ax  a6 

22  3 22  22  22  35 

- a0  a5  a6  + a0  a3  a5  +3  a0  a6  a3  + a0  a2  a5  + a0  cfj  a5  - a0  a5  a,  - a0 

2 4 2332  423  423 

-2  a0a6  a2  a4+ax  a6  + 2 a5  a0  +a0  a3  + a2  a0  -a0  a4  + a4  a0  + a4  a0 

44  22  2 2 2 
-a0a5  +a0  a6  - a2  a6  a5  +3  a0axa6  a5-  3 a4  ax  a6  a5  + 4 a4a0ai  a6 

2 2 2 

- a4  a0  ax  a6a5-3  a3  a6  aia0  + 2 a3  a,  a6  a4  - 3 a3  ax  a6  a2  - 3 a3  a0  a5  a6  a4 

2 2 2 3 2 2 3 

+ a3  a0  a5  a6  a2  - 3 a3  a0  ax  a6  +3  a3a6a0  ax+ct()  a2  - a0  a5  a6  +2  a0a4a6 

2222  3 22  3 2 2 

-2a0a4  a6  + a()  a4  a(>  + 2 a4  a6  a2  + a4ax  a6  -2  a4a0  a6-3a6a0  a3 

3 223  3 2222  22 

+ a3a6  a3-ax  a6a5  - ax  a6a5-a6ax  a3-ax  a6a4  +ax  a6  a2+a0ax  a6 

2 2 


3 322  33  3 

+ ax  a5  a6  + ax  a6  a3  - a0  a5  a4  - a3  ai  a0  - a0  ax  a3  - a0  a5  ax  - a0  a2  a5 

4 4 23  23  32  43232  5 

- ae  a0-a6  a2  - 2 a,  a6  -2  a0  a6  +2  a0  a6  - a4  a6  - a6  a3  - a6  a2  + a6 

2 3 3 2 2 3 3 

+ 2 a3ax  ci6  a5  - 2 a6  a2a0  -2  a2  a4  a0  - a6  a2  a4  a5  + 2 a6  a2  a0 

2 2 2 
+ 2 Cl2  cix  Cl3  — CIq  #6  a2  a5  ~~  ^ a\ 


1.5;  Equilibrium  and  Stability.  Non-Spatial  Age-Structured  System 
(a).  Equilibrium  and  Characteristic  Polynomial 
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> with (linalg)  : 

Initialize  parameters 

> si  :=  'si':  r :=  'r':  s2  :=  's2':  s3  :=  's3':  s4  := 

' s4  ' : a : = ’ a ' : 

Parameter  values  can  be  substituted  here  if  necessary 

> #r  :=  6.0;  si  :=  0.144;  s2  :=  0.058;  a :=  0.75;  s3  := 

0.25;  s4  :=  0.045; 

Non-spatial  age-structured  model 

> fl  :=  r*y3 : 
f2  :=  sl*yl : 

f3  :=  s2*y2*exp (-a*z3)  : 
gl  :=  y2*(l  - exp(-a*z3)): 
g2  :=  s3*zl: 
g3  :=  s4*z2: 


Equilibrium  conditions 

> sols  :=  solve ( { f l=yl , f2=y2 , f 3=y3 , gl=zl , g2=z2 , g3=z3 } , 
{yl ,y2 ,y3 , zl , z2 , z3} ) ; 


sols  :=  {y3  = 0,  zl  = 0,y2  = 0 ,z3  = 0,  z2  = 0,yl  = 0}, 


In 


1 


zl  = - 


V s2  si  r ; 
a s4  s3 


In 


1 


y3  = - 


s2  si  rj 


s2 


si  r In 


as4  s3(s2  si  r-  1) 


\y2=- 


f 1 ^ 
s2  si  ry 


a s4  s3  ( s2  si  r - 1 )’ 


s2  ln^ 

z3  -- 


1 


s2  si  r 


a 


In 

f 1 1 

r In 

f 1 1 

s2 

^s2  si  r J 

ks2  si  r > 

as4  ’/i  as4s3(s2slr-  1)J 

Jacobian  matrix  for  the  system 

> A:=subs (sols [2 ] , matrix (6, 6 , [ [diff (f 1 ,yl) ,diff (f 1 ,y2) ,dif 
f (fl,y3) ,diff (f 1 , zl) ,diff (fl,z2) ,diff (fl,z3) ] , [diff (f2,y 
1) , diff (f2 ,y2) , diff (f2 ,y3) , diff (f2 , zl) ,diff (f2 , z2) ,diff  ( 
f2 , z3) ] , [diff (f3,yl) ,diff (f3/y2) ,diff (f3,y3) ,diff 
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,diff (f3,z2) ,diff (f3,z3) ] , [diff (gl,yl) ,diff (gl,y2) ,diff ( 
gl,y3) ,diff (gl,zl) ,diff (gl,z2) ,diff (gl,z3) ] , [diff (g2,yl) 
,diff (g2 ,y2) ,diff (g2,y3) ,diff (g2,zl) ,diff (g2,z2) ,diff  (g2 
, z3) ] , [diff (g3,yl) ,diff (g3,y2) ,diff (g3,y3) ,diff (g3,zl) ,d 
iff (g3,z2) ,diff (g3,z3) ] ] ) ) ; 


A \= 


0 

si 


0 

0 


ii 

0 s2  e 


0 1 -e 

0 
0 


0 

0 


r 

0 


0 

0 


0 

0 


0 

0 


f 1 ^ 

( 1 'l  s22  si  r In 

\s2sl  r) 

\s2  si  rj 

0 0 0 


s4  s3  {s2  si  r - 1 ) 

ln(^77) 


f 1 l 

( 1 } si  r In 

\s2  si  r ) 

s2  e 


0 0 0 - 


0 s2 
0 0 


0 

s4 


s4  s3  (s2  si  r - 1) 
0 
0 


Determinant  and  trace 

> dA  = det (A) ; TA  : = trace (A) ; 


si  r s2  In 


dA  = -- 


< 1 N 
\s2  si  r ) 


s2  si  r - 1 
TA  :=  0 


Characteristic  polynomial 

> C [lambda]  :=  collect (charpoly (A, lambda) , lambda) ; 


f f 

1 + In 


V 


1 


\s2  si  r J 


-s2  si  r 


si  r s2  In 


\ 


\s2  si  r) 


s2  si  r - 1 


s2  si  r - 1 


(b):  Stability  Analysis 

Coefficients  from  the  characteristic  polynomial 
> a [6]  :=  1:  a[5]  :=  0:  a[4]  :=  0:  a[3]  := 

(l+ln(l/(s2*sl*r) )-s2*sl*r)/(s2*sl*r-l) : a[2]  :=0:  a[l] 

:=  0:  a [0]  :=  (sl*r*s2*ln (1/ (s2*sl*r) ) ) / (s2*sl*r-l) : 


Test  inequalities:  Assumptions  on  si  and  s2  and  limits  as  r approaches  infinity 
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> assume (0<sl , sl<l , 0<s2 , s2<l) ; 

Stability  Conditions  1 : C(l)  > 0 and  C(-l)  > 0: 

> C[ [1] ] :=simplify (eval (subs (lambda  = 1,  C [lambda] ))>0); 


Cm  :=  0 < ln(s2)  + ln(s/)  - In 

l 1 J 


T 

Vr  J 


with  assumptions  on  s2  and  si 

> limit ( subs (lambda  = 1,  C[lambda]),  r=infinity) ; 


00 


> C[ [-1] ] :=  simplify (eval (subs (lambda  = -1 , C [lambda] ) ) 

>0)  ; 

^[-i] :=  0 < 

2s2  sir -2  + ln(s2 ) + \n(sl ) - ln^— J + s2slr  ln(52)  + s2  sir  ln(57  )-s2  sir  In 

s2  si  r - 1 

with  assumptions  on  s2  and  si 

> limit (subs (lambda  = -1 ,C [lambda] ) , r=infinity) ; 


\r  J 


00 


Form  matrices  (Wn  and  Xn)  from  coefficients 
> W[n] :=matrix (7 , 7 , [a[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,0,a 
[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] , 0 , 0 , a [ 6] ,a[5] ,a[4] ,a[3] ,a[2 
] ,0,0,0, a [6] ,a[5] ,a[4] ,a[3] , 0 , 0 , 0 , 0 ,a [6] ,a[5] ,a[4] ,0,0,0 
# 0,0, a [6] , a [5] ,0,0,0,0,0,0,316]]) ; 

f i 


W„  := 


si  r s2  In 


1 


1 0 0 %1  0 0 


\s2  si  r ) 


0 10  0 


0 

1 


0 0 1 
0 0 0 
0 0 0 0 
0 0 0 0 
.0  0 0 0 


%1  0 
0 %1 


0 

1 

0 

0 


0 

0 

1 

0 


s2  si  r - 1 
0 
0 

%1 

0 

0 

1 


1 + In 


1 


%1  := 


\s2 si  r J 


- s2  si  r 


s2  si  r-  1 


with  assumptions  on  si  and  s2 

> X [n] :=matrix (7,7, [a[6] ,a[5] ,a[4] ,a[3] ,a[2] ,a[l] ,a[0] ,a[5 
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] , a [4  ] ,a[3] ,a[2] ,a[l] , a [0 ] , 0 , a [4  ] ,a[3] ,a[2] ,a[l] ,a[0] ,0, 
0,a[3] ,a[2] ,a[l] ,a[0] , 0 , 0 , 0 , a [2  ] ,a[l] ,a[0] ,0,0,0,0,a[l] , 

a[0], 0,0, 0,0,0, a [01,0,0,0,0,0,0]); 


Xn  := 


1 

0 

0 

%\ 

0 

0 

%2 


0 

0 

%1 

0 

0 

%2 

0 


0 

%1 
0 
0 

%2 
0 
0 

f 

1 + In 


%1 

0 

0 

%2 

0 

0 

0 

1 


0 

0 

%2 

0 

0 

0 

0 


0 

%2 

0 

0 

0 

0 

0 


%2 

0 

0 

0 

0 

0 

0 


%1  :=' 


\s2  si  r ) 


- s2  si  r 


s2  si  r - 1 


si  r s2  In 


1 


V s2  si  r ) 


%2  ;= . . . 

s2  si  r - 1 

Form  (Wn  + Xn)  and  (Wn  - Xn)  matrices 
> WXa  :=  evalm (W [ n ] +X [ n ] ) ; 


WXa  := 


%1  := 


s2  si  r - 1 


r 


si  r s2  In 


1 


%2  := 


\s2  si  r ) 


s2  si  r - 1 


> WXb  :=  evalm (W [n]  -X[n]  ) ; 
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WXb  := 


0 

0 

0 

-%1 

0 

0 

L-%2 


0 

1 

-%1 

0 

0 

-%2 

0 


0 

-%1 
1 
0 

-%2 
0 
0 

f 

1 + In 


%1  :=■ 


\s2  si  r 


0 0 
0 %\ 

0 -%2 
1 - %2  0 
0 1 
0 0 
0 0 

- s2  si  r 


0 

-%2 

%1 

0 

0 

1 

0 


1 


s2  s/  r - 1 

/■ 

si  r s2  In 


1 


\s2  si  r ) 


%2:=*  , . - 
s2  si  r - 1 

Stability  Conditions  2:  Determinant  of  inners  (k  = 1)  > 0) 

> eval (WXa [4,4]  > 0);  eval (WXb [4 , 4 ] > 0) 

( 1 ^ 

si  r s2  In 

0<  1 +■ 


\s2  si  r J 


s2  si  r - 1 
with  assumptions  on  si  and  s2 

( 1 ^ 

si  r s2  In 


\s2  si  r J 


Evaluate  limits 
> limit (WXa [4 ,4] 
infinity) ; 


0 

0 

0 

%\ 

0 

0 

1 


0<1~ , , , 

s2  si  r - 1 

with  assumptions  on  si  and  s2 

r=  infinity);  limit (WXb [4 , 4 ] , 


r= 


> 


—cc 

CO 


I3a : =array (1. .3,1. .3, [ [WXa [3,3] , WXa [3,4] , WXa [3,5] ] , [WXa [ 
4,3] , WXa [4, 4] , WXa [4, 5] ] , [WXa [5, 3] , WXa [5, 4] , WXa [5, 5] ] ])  ; 
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1 3 a := 


f 


si  r s2  In 


1 


0 

si  r s2  In 


\s2  si  r ) 


1 +' 


' 1 N 
ks2  si  r 


si  r s2  In 


1 


\s2  si  r ) 


s2  sir-  1 


0 


s2  si  r - 1 


0 


s2  si  r - 1 

with  assumptions  on  si  and  s2 

> I3b:=array(l. .3,1. .3,  [ [WXb[3,3] ,WXb[3,4]  ,WXb[3,5] ] , [WXb  [ 
4,3] , WXb [4, 4]  , WXb [4, 5] ] , [WXb [5, 3]  , WXb [5, 4]  , WXb [5, 5] ] ])  ; 


I3b  := 


si  r s2  In 


1 


0 

si  r s2  In 


ks2  si  r ) 


s2  si  r-  1 


1 


0 

si  r s2  In 


1 - 


s2  si  r ) 


f \ " 

\s2  si  r ) 


s2  si  r-  1 


0 


s2  si  r-  1 

with  assumptions  on  si  and  s2 
Stability  Conditions  3:  Determinant  of  inners  (k  = 3) 

> eval (det (I3a)  > 0);  eval (det (I3b)  > 0) 

0<- 


f 


s2  si  r - \ + si  r s2\n 


r j \\( 


ks2  si  r)J 


-s22  si2  r2  + 2 s2  si  r - 1 + si2  r 2 s22  In 


r i 


Ks2  si  r ) 


( s2  si  r - 1 ) 

with  assumptions  on  s2  and  si 
0< 


-s2  si  r+  1 + si  r s2  In 


f | V\  / 


\s2  si  r )) 


-s22  si2  r2  + 2 s2  si  r - \ + si2  r 2 s22  In 


r j 


\s2  si  r y 


( s2  si  r - 1 )3 

with  assumptions  on  s2  and  si 
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Evaluate  limits 

> limit (det (I3a) , r = infinity);  limit (det (I3b) , r= 
infinity) ; 

00 


-00 

I 5a : =array (1. .5,1. .5, [ [WXa [2,2] , WXa [2,3] , WXa [2,4] , WXa [2 , 

5]  , WXa [2,6] ] , [WXa [3,2] , WXa [3,3]  , WXa [3,4] ,WXa[3,5] ,WXa[3, 

6]  ] , [WXa [4, 2] , WXa [4, 3] , WXa [4, 4] , WXa [4, 5] , WXa [4, 6] ] , [WXa  [ 

5.2]  , WXa [5, 3] , WXa [5, 4] , WXa [5, 5] ,WXa[5,6] ] , [WXa [6,2] ,WXa[ 

6.3]  , WXa [6,4] ,WXa[6,5] ,WXa[6,6] ] ]) ; 

1 %1  0 %1 
%1  1 0 %2 
0 0 1 + %2  0 


15a  := 


0 

%2 


%2 

0 


0 

0 


1 

0 


%2 

%1 

0 

0 

1 


f 


1 + In 


1 


%1  :=' 


\s2  si  r ) 


- s2  si  r 


s2  si  r - 1 


( 


si  r s2  In 


1 


\s2  si  r ) 


%2:= , , . 

s2  si  r - 1 

> I5b:=array(l. .5,1. .5, [[WXb[2,2] ,WXb[2,3] , WXb [2 , 4 ] ,WXb [2 , 

5]  , WXb [2, 6] ] , [WXb [3, 2] , WXb [3, 3] , WXb [3, 4] ,WXb[3,5] ,WXb[3, 

6]  ] , [WXb [4, 2] , WXb [4, 3] , WXb [4, 4] , WXb [4, 5] , WXb [4, 6] ] , [WXb[ 

5.2]  , WXb [5,3] , WXb [5, 4] , WXb [5, 5] , WXb [5, 6] ] , [WXb [6, 2] ,WXb[ 

6.3]  , WXb [6, 4] , WXb [6, 5] ,WXb[6,6] ] ] ) ; 

1 -%1  0 %1 

-%1  1 0 -%2 

I5b  :=  0 0 1 - %2  0 

-%2  0 1 

0 0 0 


0 

-%2 


-%2 

%1 

0 

0 

1 


r 


1 + In 


1 


\ 


%1  :=' 


^52  ^7  r, 

^2  ^7  r - 1 


- s2  si  r 


r 


si  r s2  In 


1 


\s2  si  r J 


%2  := 


52  5/  r - 1 
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Stability  Conditions  4:  Determinant  of  inners  (k  - 5): 

> eval (det (I5a)  > 0);  eval (det (I5b)  > 0) ; 


0< 


s2  sl  r - 1 + sl  r s2  In 


f 1 T 

\ 

f 1 1 

In 

/ 

\s2  sl  r; 

\s2  sl  r ) 

f 


-2  s2  sl  r + 2 - sl2  r 2 s2 2 In 


f 


1 


+ In 


1 


\s2  sl  r ) 


^ f 

+ 3 si  r s2  In 


1 


\s2  sl  r J 


\ f 

+ 2 r si  s2  In 


1 


\2 


\s2  sl  rj 


+ 2 sl2  r2  s22  In 


\s2  sl  r ) 
1 


- 2 s22  sl 2 r2  + sl2  r 2 s22  In 


f 


1 


^3 


+ 2 s23  sl 3 r 


(s2  sl  r-  1 ) 
with  assumptions  on  s2  and  sl 


\s2  sl  r ) 

4 


+ sl 3 r3  s23  In 


z' 


1 


\s2  sl  r ) 


k.s2  sl  r) 

^3  ( 1 N 

- 3 s23  sl 3 r3  In  — — 
\s2  sl  r ) 


r 


0<- 


r 


-s2  sl  r + 1 + sl  r s2  In 


1 


f 


- 57 2 r2  s22  In 


+ 2 sl 2 r2  s22  In 


ks2  sl  r ) 

< 1 


+ In 

\2 


\s2  sl  r )) 

1 


In 


1 


\s2  sl  rj 


\s2  sl  rj 

^ r 

+ 3 sl  r s2  In 


-2  s2  sl  r + 2 


1 


- 2 s22  sl 2 r2  + sl2  r 2 s22  In 


3 s2 3 sl 3 r3  In 


v.  52  57  r ) 

1 


V s2  sl  r ) 

' 1 


> f 

+ 2 r sl  s2  In 


1 


^2 


\3 


\s2  sl  r ) 
r 


r 


+ 2 s23  sl 3 r3  j / (s2  sl  r - 1 ) 


V s2  sl  r ) 

4 


+ sl 3 r3  523  In 


1 


>3 


\s2  sl  r ) 


\s2  sl  r ) 

with  assumptions  on  s2  and  sl 
Evaluate  limits 

> limit (det (I5a) , r = infinity);  limit (det (I5b) , r = 
infinity) ; 


-00 

00 

Some  conditions  evaluate  as  minus  infinity.  The  non-spatial  age-structured  system  is 
unstable. 


1.6:  Equilibrium  and  Stability  in  the  Kot  Model 
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> with (linalg) : 

> r :=  ' r ' : c:=  'c':  pi  = 'pi': 


(a):  Basic  Non-Spatial  Kot  Model 


> f :=  Y*exp(r*(l-  Y - Z) ) ; 
g :=  c*Y*Z ; 

/;=ye(r(.-r-Z)) 

g:=cEZ 

Equilibrium  conditions 

> solve ({f=Y,g=Z},  {Y,Z}); 

1 c - 1 

{r=0,Z  = 0},  {Z  = 0,  Y=  1 },  {Y=  , Z=  “ } 

c c 

Jacobian  matrix 

> A:=subs (Y=l/c, Z=l-l/c , matrix (2,2, [ [diff (f  ,Y) ,diff (f ,Z) ] , 

[diff  (g,Y)  ,diff  (g,Z)  ID); 


A := 


o 


o 

e - 


r e 


o 

r e 


1 - — 
LV  c J 


c c 

c 1 


A \= 


e°  - 


r e 


1 


.'-7, 


o 

r e 


1 


Determinant  and  trace 

> dA  :=  det(A);  trA  :=  trace(A); 

c - 2 r + r c 
dA  := 


trA 

c 

Characteristic  equation  for  non-spatial  system 
> CP  collect (charpoly (A, lambda) , lambda) ; 

, (r-2c)X  c -2  r + r c 

CP:=X2+ + 

c c 

Stability  criteria  (May  1974):  2 > 1 + > |trace| 
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> solve ( {2  > 1 + dA, 1 + dA  > abs(trA) } , {c,r}) ; 

{r  = 2c,  1 <c,c<2} 

Model  is  stable  for  1 < c < 2 and  0 < r < (4c/3  - c)  [If  c - 2,  r 8] 

> assume (l<c, c<2 , 0<r , r<4 *c/ (3-c)  ) ; 

> is(  1 - trA  + dA  > 0) / is ( 1 + trA  + dA  > 0) ; is ( 1 - dA 
> 0)  ; 

true 

true 

true 

>r  :=  'r':  c:=  ' c ' : 

> with (inttrans) : 


(b):  Model  with  1-D  Gaussian  Dispersal 


Prey  and  predator  SD  of  dispersal  equal  (Mean  = 0,  SD  = 1) 
> Knl : = (1/ sqrt (2*pi) ) *exp(- (x) A2/ (2) ) ; 

Kpl := (1/ sqrt (2*pi) ) *exp(- (x) A2/ (2) ) ; 


Knl  :=“ 
2 


>J~2  e(~ 1 


- 1 /2x  ) 


Kpl  := 


1 VI  e(-1/2-2) 


2 

Fourier  Transform  of  the  1-D  dispersal  kernels 
> knl :=fourier (Knl, x, omega) ; kpl  :=fourier (Kpl ,x, omega) 

2. 


/ 2 o)  ) 


r (-i/2<o*) 

^7 ie 

^[n 

f,  e(~ 1 

Matrix  of  Fourier  Transformed  dispersal 
> K :=  matrix (2,2, [knl ,0,0, kpl ] ) ; 


knl  := 


kpl  := 


K := 


(- 1 / 2 to2) 

^7t  e 


(-1/2  (O2) 

y 7t  ev 


Characteristic  matrix  with  1-D  equal  dispersal 
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> KA1  :=  evalm(K&*A)  ; 

Jn%  1 1 -- 
1 c 


KAl  := 


V^%i  1 -_ 


cy 


%1  :=  e(_1/2“2) 


V7%1 

-/k"  c 

-/rc  %1 


Determinant  and  trace 

> dAl  :=  simplify (det (KAl) ) ; trAl  :=  simplify (trace (KAl)); 


<i47  := 


n e(_0>  }(c-2r  + rc) 


7t  C 


/M7  :=  - 


^e(-1/2(D\r-2c) 

■^7^  C 


Characteristic  polynomial  of  1-D  spatial  system 
> CPI  : = collect (simplify (charpoly (KAl , lambda) ) , lambda); 


CPI  := 


X2  + 


('Jn  *Jk  e(~ 1 /2<°2) /•  - I'Jn  C'Jn  e(~ 1 /2t°2))  X -2  7t  r + 7t  r c + n e(~M 


7t  C 


n c 


Jury  Test:  Evaluate  conditions  as  limit  of  c — > 2 and  r — > 8 
> cl  :=  simplify (limit (1  - trAl  + dAl,  {c  = 2,  r — 8})), 


Cl  := 


3/2 


7t 


> C2  :=  simplify (limit (1  + trAl  + dAl,{c  — 2,  r 8})); 


C2  :=■ 


3/2 


71 


Use  graph  to  evaluate  the  limits 

> pi  :=  3.141592654:  plot(C2,  omega  = 0..1);  pi  :=  'pi': 
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> C3  :=  simplify (limit (1  - dAl , {c  = 2,  r = 8})); 

-71  + 71  e(”<0  } 

C3:=- 

7t 

All  conditions  are  positive.  Steady-states  with  1 -D  equal  prey-predator  dispersal  are 
stable. 


Prey  and  predator  SD  of  dispersal  unequal  (Mean  = 0 , SD  2: 1 for  predator. prey) 
> Kn2 := (1/ (sqrt (2*pi) ) ) *exp (-(x)A2/ (2)) ; 

Kp2 : = ( 1 / (sqrt (2*pi) *2) ) *exp(- (x) A2/ (2*2A2) ) ; 

1 Jl 

Kn2  


Kp2  :=■ 


Fourier  Transforms  of  unequal  dispersal  kernels 
> kn2 :=fourier (Kn2 ,x, omega) ; kp2  :=fourier (Kp2 ,x, omega) ; 


bi2  := 


kp2  := 


1 ^8  'jn  e(~2 

4 


-2to  ) 


Characteristic  matrix  with  1 -D  unequal  dispersal 
> KA2  :=  evalm (matrix (2 , 2 , [kn2 , 0 , 0 , kp2 ] ) &*A) ; 


KA2  \= 


1 *[%  e( 


:-2«  )l  i _ — 


cy 


</tT 


1 'fl  'Js  'Jn  e(  2 m 
4 '/k 


Determinant  and  trace 

> dA2  :=  simplify (det (KA2) ) ; trA2  :=  simplify (trace (KA2) ) 


dA2  \= 


/ O \ (-5/20)  ) 

7t  (c  - 2r  + rc)e> 


Tt  C 


trA2  :=  - 


'/it' 


(—  1 / 2 o)  ) 


(— c + r - e 


(-3/2o)  ) 


c) 


i 


Characteristic  polynomial  of  1-D  Spatial  System  with  unequal  SDs  of  dispersal 

> CP2  :=  collect (simplify (charpoly (KA2 , lambda) ) , lambda). 


CP2  :=  X - 


(— /rc  '/tc 


(-i/2«/)r  + c Jk  e(  2o)  ) + J;:  c^tc  e 


(-1/20)  ) 


7t  C 


2 7t  r e(~5/2(°2)  - tt  /•  c e(~5/2(°2)  - tc  c e(~5/2ft>2) 

k c 

Jury  Test:  Stability  Conditions  with  1-D  unequal  dispersal 
> Cl  :=  simplify (limit (1  - trA2  + dA2 , {c  = 2,  r — 8})), 

-K/2  -3  </rc  e(-1/2“  } n+<Jn  e(~2 m } tc  - tc  e(~ 5 2 m ] '/rc~ 

3/2 

tc 


Cl  :=-■ 


Plot  conditions  to  evaluate 

> pi  :=  3.141592654:  plot (Cl,  omega=0..1);  pi  :=  'pi': 
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> C2 


> Pi 


> C3 


> Pi 


:=  simplify (limit (1  + trA2  + dA2 , {c  2, 

k,2+J~k  f*-2"*1*  it  - 3 Vji  e(~1/Ita2>  n + ti  e(~5'2ltt:> 
C2 7/2 

K 

:=  3.141592654:  plot(C2,  omega=0..1);  pi 


r 


8}))  ; 


'pi 


8}))  ; 


C3  :=■ 


k - re  e 


(-5/2(0  ) 


7t 


:=  3.141592654:  plot(C3,  omega=0..1);  pi  :-  ’pi’- 
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o.f 

o.i 

0.' 

0. 


0.8 


0.2 


0.4 


0.6 


omega 


One  condition  is  negative  for  greater  predator  dispersal.  The  system  is  therefore 
unstable. 

(c):  Model  with  2-D  Gaussian  Dispersal 

Prey  and  predator  SD  of  dispersal  equal  (Mean  = 0 and  SD  = 1) 

> Knx : = (1/ sqrt (2*pi ) ) *exp(- (x) A2/ (2) ) ; 

Kny  : = (1/ sqrt (2*pi) ) *exp(- (y) A2/ (2) ) ; 


Fourier  Transform  of  2-D  kernels: 

> kn3 : = simplify (fourier (Knx, x, omega) *fourier (Kny, y,u) ) ; 


i 


> Kpx:= (1/ sqrt (2*pi) ) *exp(- (x) A2/ (2) ) ; 
Kpy := (1/ sqrt (2*pi) ) *exp(- (y) A2/ (2) ) ; 


kn3  := 


71 


> kp3  :=  simplify (fourier (Kpx,x, omega) *fourier (Kpy ,Y/U) ) 


kp3  :=' 


n e 


(-l/2w2-l/2w2) 


7t 


Characteristic  matrix  with  2-D  equal  dispersal. 

> KA3  :=  evalm(matrix (2 ,2 , [kn3 , 0 , 0 , kp3] ) &*A) ; 


KA3  := 


n %1  1 


cj 


k %1  r 


7t  %1 


n 

f o 
1 - — 

v c; 


71  C 


71  %1 


K 


K 


%1  :=  e(_1/2“2  1/2“2) 


Determinant  and  trace 

> dA3  :=  simplify  (det  (KA3) ) ; trA3  :=  simplify  (trace  (KA3) ) 


dA3  :=' 


/r/15 


7i2e(  “ )(c-2r  + rc) 


2 

71  C 

7te(-l/2co2-l/2»2)(r-2c) 

K C 


Characteristic  polynomial  of  2-D  system 

> CP3  :=  collect (simplify (charpoly (KA3 , lambda) ) , lambda) 

2 2 

l-l/5m2-l/2u2)  „ (~l/2o>  - l/2u)\^ 

( 7t  e(  l zu>rn-2Kcne  ) k 

CP3  :=  X2  + 2 

71  C 


-2  7i  e 


+ tt2  e(_“2 " 1,2 } r c + 7i2  e(”“2 ' "2)  c 


2 

71  C 


Jury  Test:  Stability  conditions  with  2-D  equal  dispersal 
> Cl  :=  simplify (limit (1  - trA3  + dA3,  {c  = 2,  r— 8})), 


Cl  :=■ 


2 , 0 J-1/2(o2-1/2h2)  2 (-co2-»2) 

7C  + 2 7t  e 7i  + K e 


71 


> C2  :=  simplify (limit (1  + trA3  + dA3 , {c  2,  r8})). 


C2  :=' 


2 0 „ (- 1/2 o>2 -1/2  «2)  , 2 (-(02-m2) 

7t  - 2 7t  e 7i  + 7re  


71 


> pi:=3. 141592654 : plot3d(C2,  omega=0 . . 1 , u= 
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0. .1) ;pi:='pi' : 


> C3  :=  simplify (limit (1  - dA3,  {c—  2,  r8})). 


All  conditions  are  positive:  Steady-states  with  2-D  equal  dispersal  are  stable. 


Prey  and  predator  SD  of  dispersal  unequal  (Mean  = 0 , SD  2:1  for  predator. prey) 

> Knx2 :=  (1/ sqrt (2*pi) ) *exp (- (x) A2/ (2)) ; 

Kny2:=(l/sqrt(2*pi))*exp(-(y)A2/ (2)) ; 

1 e«-,,2'2) 

Knx2  :=-~ 7= 

2 y 71 

> Kpx2 : = ( 1 / (sqrt (2*pi) *2) ) *exp(- (x) A2/ (2*2A2) ) ; 

Kpy2 : = ( 1 / (sqrt (2*pi) *2) ) *exp(- (y) A2/ (2*2A2) ) ; 

1 -fl  e'-1'8'2’ 

Fourier  Transform  of  2-D  kernels  with  unequal  dispersal 

> kn4:=  simplify (fourier (Knx2 , x , omega) *fourier (Kny2 ,y, u) ) , 


272 


bi4  :=' 


7t  e 


(-1/2co2-1/2k2) 


71 


> kp4  : = 

simplify (fourier (Kpx2,x, omega) *fourier (Kpy2 ,y ,u) ) ; 


kp4  :=  ■ 


n e 


2 2 
(-2  co  -2  « ) 


71 


Characteristic  matrix  with  2-D  unequal  dispersal 
> KA4  :=  evalm (matrix (2 , 2 , [kn4 , 0 , 0 , kp4 ] ) &*A) ; 

f 


KA4  := 


7t  e 


(-  1 / 2 co2  - 1 / 2 h2) 


r 

1 -~ 

V cj 


(-1  /2co2-l/2  u2) 

ntK  r 


k e 


71 

2 2 
(-2  to  -2  u) 


K C 


f o 

1 

V c ) 


c (-2  co2  - 2 w2) 

7C  ev 


7t 


7t 


Determinant  and  trace 

> dA4  :=  simplify (det (KA4 ) ) ; trA4  :=  simplify (trace  (KA4)); 


dA4  = 


7t2  (c-2r  + rc)  e1 


(- 5 / 2 «.2  - 5 / 2 m2) 


2 

71  C 


trA4 


7t  e 


(—1/2  co2  —1/2  m2 ) / , „ _ J-3/2co2-3/2«2) 


1 (— c + r - e 


c) 


7t  C 


Characteristic  polynomial  of  2-D  system 

> CP4  :=  collect (simplify (charpoly (KA4 , lambda) ) , lambda); 


(-  1 / 2 co2  - 1 /2  ic2)  (-2co2-2ic2)  „ „ 7 72  co  1 / 2 « ) 

(7ie(  V7t-7IC7teV  “ 

C/V  :=  )i2  + 


71  c 7t  e 


n 


2 

71  C 


—2  7t  re 


2 j.A(-5/2co2-5/2«2)  + 7t2A.ce(-5/2<o2-5/2«2)  + 7l2ce(-5/2co  5/2«  ) 


2 

71  C 


Jury  Test:  Stability  conditions  with  2-D  unequal  dispersal: 

> cl  simplify (limit (1  - trA4  + dA4 , {c  — 2,  r— 8})), 


2 (-2o,2-2u2)  , (-  1 / 2 co2  - 1 / 2 ic2 ) . 2 (- 5 / 2 co*  - 5 / 2 «“) 

7T  — 7C  7C  e +i7ie  71  + 71  c 

2 
7T 


2 , 2, 


Cl  :=' 


> pi  :=  3.141592654:  plot3d(Cl,  omega=0 . . 1 , u=  0..1); 


Pi 

pi :='pi ' : 
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> C2  :=  simplify (limit (1  + trA4  + dA4 , (c  2, 
n2  + nn  e 


2 . _-^(-2c02-2U2)_3Ke(-l/2(o2-l/2«2)7I  + 7t2e(-5/2(o2 


C2  :=■ 


71 


> pi  :=  3.141592654:  plot3d(C2,  omega=0 . . 1 , u- 


pi :='pi ' : 


> C3  :=  simplify (limit (1  - dA4 , {c  - 2,  r-8})) 


2 2 (-  5 / 2 to2  - 5 / 2 h2) 

7i  — 7i  e 


r=8 } ) ) ; 

-5/2w2) 


0. .1)  ; 


One  condition  is  negative  for  greater  predator  dispersal.  The  system  is  unstable. 
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